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Computer-automated  classification  of  remotely  sensed  imagery  from  satellites  has 
proven  useful  for  applications  in  land  cover  evaluation  and  land  use  planning.  However, 
the  lack  of  accuracy  in  land  cover  recognition  hinders  the  usual  spectral  differentiation 
method.  One  technique  to  enhance  accuracy  of  land  cover  recognition  is  the  use  of 
texture  images,  defined  as  a set  of  local  statistics  or  other  local  properties  of  an  image 
which  are  constant,  slowly  varying,  or  approximately  periodic. 

In  this  study,  two  test  sites  near  Tampa,  Florida,  were  used  to  test  whether  the 
incorporation  of  the  texture  measures  within  the  computer  automated  classification 
techniques  increases  classification  accuracy.  LANDS AT-TM  and  SPOT-Panchromatic 
images  were  merged  to  optimize  spatial  and  spectral  resolution.  Reference  land  covers 
were  taken  from  existing  classifications  according  to  a)  the  Florida  Land  Use  and  Cover 
Classification  System  (FLUCCS)  and  b)  the  Florida  Game  and  Fresh  Water  Fish 
Commission  (FGFWFC)  - land  cover  classification  system.  Error  matrices  and  the  Kappa 


IX 


coefficients  of  agreement  were  used  to  describe  classification  accuracy.  Twenty-seven 
different  texture  measures  (three  non-directional  and  six  directional,  using  3x3  window 
size  for  each  of  the  spectral  bands)  were  computed  and  used  along  with  the  spectral  bands 
as  variables  for  supervised,  unsupervised,  and  hybrid  methods  of  land  cover 
classifications.  In  subsequent  analyses  highly  correlated  bands  were  merged  using 
principal  component  transformation,  land  cover  classes  with  elose  proximity  (as 
measured  by  the  Jefferies-Matushita  distances)  were  combined,  and  a Bayesian 
maximum-likelihood  classifier  was  also  added  to  enhance  classification  accuracies. 
Finally,  a new  mixed  classification  method  was  developed  and  applied,  allowing  separate 
band  combinations  for  each  of  the  land  cover  classes.  The  classification  accuracies 
obtained  by  the  Gaussian  maximum-likelihood  method  using  only  the  spectral  bands 
were  taken  as  reference,  and  accuracies  of  other  methods  were  compared  with  them. 

Use  of  all  the  spectral  and  texture  bands  together  produced  lower  land  cover 
classification  accuracies  as  compared  to  the  reference  values.  The  Bayesian  method 
resulted  in  better  classification.  The  methods  with  highest  accuracy  differed  between  the 
sites.  The  hybrid  technique  of  classification  yielded  poor  results,  while  the  mixed 
combination  classification  method  improved  land  cover  classification  results.  In  most 
cases,  texture  variables  added  only  marginal  information  towards  differentiating  land 
cover  classes. 

The  results  show  a modest  increase  in  accuracies  of  the  classifications.  The 
increased  accuracies  indicate  the  marginal  usefulness  of  the  texture  measures  under  the 
present  constraints.  However,  the  study  indicates  enough  merit  in  texture  measures  to 
warrant  further  research  of  its  potential. 


CHAPTER  1 
INTRODUCTION 


Human  awareness  of  and  interest  in  our  environment  are  not  only  an  issue  of 
simple  curiosity.  Environments  influence  human  beings  and  human  beings  influence 
environments.  Thus,  the  study  of  geography  arises  from  our  curiosity,  our  progress,  our 
survival,  and  ultimately  the  desire  to  learn  about  ourselves. 

In  ancient  times,  geographical  information  was  gathered  by  simple  observations 
and  transmitted  by  simple  descriptions.  In  the  present  time,  however,  the  collection  and 
use  of  geographical  information  have  become  quite  sophisticated.  On  the  practical  level, 
professionals  such  as  resource  managers,  plarmers,  or  ecologists  routinely  need  high 
volumes  of  useful  geographical  data.  Thus,  the  need  for  timely,  accurate,  and  cost- 
effective  geographical  information  collection  and  dissemination  has  grown  dramatically. 
Likewise,  concern  for  better  plarming  of  the  limited  land  resources  has  heightened  the 
need  for  correct  land-cover  identification  and  evaluation. 

There  have  been  many  innovations  in  the  technology  of  land-cover  evaluation  and 
land-cover  information-gathering.  Presently,  the  technology  comprises  a large  number  of 
techniques,  including  direct  ground  observation,  aerial  photo  analysis,  and  remotely 
sensed  imagery  from  satellites.  Each  of  these  techniques  comes  with  certain  advantages 
and  disadvantages;  that  is,  the  usefulness  varies  from  case  to  case.  These  techniques 
complement  each  other  and  many  times  they  are  used  jointly  for  the  best  result. 
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Presently,  one  of  the  important  methods  of  land  cover  evaluation  involves  the  use 
of  satellite-gathered  imagery.  There  have  been  many  recent  advances  in  satellite  remote 
sensing  technology,  such  as  better  computing  systems  and  innovative  image  processing 
techniques.  This  technology,  though  available  in  the  civilian  sector  only  a quarter-century 
ago,  has  come  a long  way  and  is  now  a very  useful  tool.  It  has  the  distinct  advantage  of 
being  fast,  timely,  and  cheap  as  compared  to  standard  manual  techniques.  It  also  provides 
a digital  database  for  objective  analysis  and  reduces  field  personnel  requirements.  The 
process  is  computer-automated  and  can  provide  for  complex  analyses.  It  is  also  capable 
of  incorporating  ancillary  data  and  providing  a database  for  further  analysis,  especially  in 
the  area  of  geographical  information  system  (GIS)  analysis.  In  view  of  the  recent  and 
proposed  advances  in  computer  technology,  GIS,  and  satellite  systems,  we  may  assume 
that  this  process  is  only  the  beginning  of  the  satellite  remote-sensing  technology 
application. 

A case  in  point  is  a project  run  by  the  Southwest  Florida  Water  Management 
District  (SWFWMD).  SWFWMD  is  responsible  for  the  management  of  water  resources  and 
land-cover  evaluation.  Usually,  land-cover  monitoring  is  accomplished  by  manual 
interpretation  of  aerial  photographs.  In  1991,  SWFWMD  completed  a land-cover  mapping 
project  for  its  entire  10,000  square  mile  (about  26,000  square  kilometers)  area,  using 
traditional  photo-interpretation  techniques.  The  result  was  computer-digitized  to  create  a 
GIS  file.  Such  traditional  photo-interpretation  and  manual  digitization  techniques  provide 
adequate  land-cover  maps  of  high  thematic  and  adequate  spatial  accuracy.  The  satellite 
based  remotely  sensed  image,  however,  is  not  used  to  the  same  extent.  Smith  et  al.  (1992, 


unpublished  report)  developed  a merged  SPOT-panchromatic  and  LANDS AT-Thematic 
Mapper  scene  of  a section  of  the  SWFWMD.  The  image  was  visually  classified  and 
manually  digitized  on  the  screen  and  subsequent  analysis  found  that  the  procedure  yielded 
92%  accuracy.  Trolier  and  Philipson  (1986)  visually  analyzed  the  LANDS  AT-Thematic 
Mapper  image  and  found  that  the  image  can  provide  an  accurate  and  cost  effective 
inventory  of  hydrologically  important  land  use  and  cover. 

These  manual  procedures  using  remotely  sensed  data  are  still  very  expensive  and 
time-  and  labor-intensive.  The  cost  of  the  above-mentioned  land-cover  mapping  project 
completed  by  the  SWFWMD  was  about  $500,000. 

This  brings  to  light  several  important  issues.  First,  there  is  a need  and  a market  for 
the  land-cover  evaluation  process.  Second,  it  is  possible  to  use  a satellite-sensed  image  for 
the  land-cover  evaluation  within  the  acceptable  degree  of  accuracy.  Third,  the  present 
visual/manual  technique  is  very  time  and  cost  consuming.  All  this  points  to  the  need  for  an 
inexpensive  and  fast  automated  system  of  land-cover  evaluation  that  would  use  remotely 
sensed  images. 

A land-cover  map  could  be  produced  with  appreciably  less  time  and  cost,  but  at 
lower  accuracy,  by  using  the  computer-automated  classification  of  satellite  image  data,  such 
as  LANDSAT  and  SPOT  imagery.  In  a study  conducted  by  Gong  and  Howarth  (1992b)  in 
the  rural-urban  fringe  of  Toronto,  Canada,  the  land-use  map  developed  from  a SPOT-XS 
image,  using  the  maximum-likelihood  classifier  technique  and  classification  scheme  with 
14  land-use  classes,  revealed  an  accuracy  of  the  Kappa  value  of  0.462.  The  Kappa  value  is  a 
statistical  measure  indicating  the  extent  to  which  the  percentage  correct  values  of  an  error 
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matrix  are  due  to  true  agreement  versus  chance  agreement  (Lillesand  and  Kiefer,  1994).  In 
the  above  case,  it  may  be  stated  that  the  observed  classification  is  46.2  percent  better  than 
one  resulting  from  chance. 

Still,  this  degree  of  accuracy  is  not  good  enough  for  most  of  the  application.  The 
lack  of  accuracy  in  the  present  automated  remote-sensing  technology  is  preventing  it  from 
being  used  to  its  full  potential.  The  inaccuracy  may  be  due  to  problems  in  two  related 
issues:  a.  land  cover  classification  and  b.  land  cover  identification. 

a.  Land  cover  classification  has  to  deal  with  many  issues.  The  earth’s  surface  is  a very 
complex  natural  phenomenon  and  in  any  given  spot  of  land  many  factors  are  at  work 
simultaneously  to  produce  the  features.  So,  for  practical  purposes,  some  kind  of 
generalization  is  warranted  to  describe  the  earth’s  surface  phenomena. 

b.  Land  cover  identification  is  normally  conducted  by  direct  observation  on  the  ground. 
Feature  identification  is  carried  out  by  trained  personnel,  such  as  foresters.  The  remote 
sensor,  on  the  other  hand,  is  limited  in  that  it  can  sense  only  the  spectral  properties  it  is 
designed  for. 

Human  designed  land  cover  classification  to  a large  extent  depends  upon  the  region 
and  the  purpose  of  the  classification.  Simple  classifications,  such  as  land  versus  water,  may 
be  universal.  However,  for  more  rigorous  classifications  the  distinct  land  covers  of  the 
region  need  to  be  accounted  for,  and  also  the  goal  of  the  classifier.  For  example,  the 
classification  requirements  of  land  developers  will  be  quite  different  from  the  requirements 
of  ecologists.  Therefore,  it  is  not  possible  to  develop  a universal  land  cover  classification 


system. 
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There  is  another  aspect  to  the  problem  of  land  cover  classification.  That  is  the 
mixing,  or  lack  of  distinct  boundaries  between  different  land  cover  classes.  For  example  in 
an  area  where  coniferous  trees  and  deciduous  trees  exist  side  by  side,  a pixel  may  include 
both  land  cover  types  and  cannot  be  classified  as  a particular  type.  This  is  called  the  mixed- 
pixel  problem.  The  proper  method  of  representation  is  to  give  the  proportion  of  each  of  the 
classes  occurring  in  the  area.  This  is  called  the  ‘fiizzy  classification’.  Since,  in  many  cases  it 
becomes  necessary  to  declare  the  unit  area  as  belonging  to  a single  class,  an  internal  error  is 
built  in  by  this  forced  classification. 

Still,  within  these  constraints,  standard  land  cover  classification  systems  have 
been  worked  out  by  different  agencies.  In  the  State  of  Florida,  a committee  was  formed  in 
1973  to  organize  a uniform  classification  system,  which  would  satisfy  a wide  variety  of 
users.  The  committee  issued  its  results  in  the  publication  “Florida  Land  Use  and  Cover 
Classification  System”  (FLUCCS)  in  1976.  It  consists  of  four  hierarchical  land  cover 
levels.  The  system  is  further  described  in  chapter  3.  The  publication  includes  the 
complete  subcategorization  of  Levels  I and  II  of  the  classification  system,  but  left  the 
subcategorization  of  Level  III  and  IV  to  the  discretion  of  individual  organizations 
(Florida  Department  of  Transportation,  1985). 

The  level  of  land  cover  classification  is  based  broadly  upon  scale  or  resolution  of 
data  gathered,  which  depends  on  sensors  used  to  collect  data.  Levels  I and  II  are 
principally  of  interest  to  users  who  desire  information  on  a nationwide  or  statewide  basis. 
Levels  III  and  IV  are  to  provide  information  at  a resolution  appropriate  for  county  or  local 
planning  and  management  activities.  It  is  intended  that  Levels  III  and  IV  be  designed  by 
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the  local  users.  Level  I is  designed  for  use  with  very  small  scale  imagery  such  as  the 
LANDSAT-MSS  images.  Level  II  is  designed  for  use  with  small  scale  aerial 
photographs.  The  most  widely  used  image  type  for  Level  II  mapping  has  been  high 
altitude  color  infrared  photographs.  However,  small  scale  panchromatic  aerial 
photographs,  LANDS AT-TM  images,  and  SPOT  satellite  images  are  also  appropriate 
(Lillesand  and  Kiefer,  1994).  In  general,  the  following  relations  pertain  assuming  a 6 inch 
focal  length  camera  is  used  in  the  aerial  photography  (Anderson  et  ah,  1976). 

Level  Characteristics 

I LANDSAT  type  of  data. 

II  High  altitude  data  at  12,400  m or  above. 

III  Medium  altitude  data  taken  between  3,100  m to  12,400  m. 

IV  Low  altitude  data  taken  below  3 , 1 00  m. 

In  this  study,  the  ‘FLUCCS’  is  taken  as  the  standard  classification  system,  with  due 
recognition  of  the  inherent  problems.  The  classification  study  is  conducted  at  level  II,  since 
as  mentioned  above,  the  subcategorization  of  level  III  is  not  a standard  classification  but  left 
to  the  discretion  of  individual  organizations,  and  the  level  I classification  is  primaril>  based 
on  data  gathered  with  satellite  remote  sensors.  Only  level  II  and  level  III  are  based  upon 
aerial  photography.  Further,  since  in  this  study,  we  want  to  know  to  what  extent  satellite 
based  imagery  may  be  substituted  for  aerial  photography,  level  II  is  the  first  step  in  that 
direction. 

As  indicated  before,  there  are  landcover  classification  systems  other  than  the 
‘FLUCCS’.  To  test  the  usefulness  of  the  texture  measures  on  a landcover  classification 


system  other  than  ‘FLUCCS’,  an  additional  landcover  classification  system  created  by  the 
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“Florida  Game  and  Fresh  Water  Fish  Commission”  (FGFWFC)  is  used.  The  FGFWFC 
system  consists  of  a single  set  of  22  landcover  classes.  The  FGFWFC  system  was  chosen 
because  of  its  simplicity  and  the  fact  that  it  is  primarily  designed  out  of  Florida  vegetation. 

The  remotely  sensed  data  gathered  from  satellites  have  two  basic  properties,  spectral 
resolution  and  spatial  resolution.  Spectral  resolution  may  be  considered  as  the  number  and 
extent  (band  width)  of  spectral  bands  in  the  sensor  system,  and  the  spatial  resolution  may  be 
considered  as  the  size  of  pixels  employed.  For  example,  the  US  LANDS AT--a  remote 
sensing  satellite  system— has  the  capability  to  sense  7 bands.  The  electromagnetic  spectrum 
ranges  of  the  bands  in  micrometers  are  Blue  (0.45  - 0.52),  Green  (0.52  - 0.60),  Red  (0.63  - 
0.69),  Near  infrared  (0.76  - 0.90),  Middle  infrared  (1.55  - 1.75),  Thermal  infrared  (10.40  - 
2.50),  and  Middle  infrared  (2.08  - 2.35).  The  unit  of  the  area  for  which  it  collects  the 
spectral  response  or  pixel  is  30  meters  by  30  meters  in  size  (60  meters  by  60  meters  for 
thermal  band).  The  problem  with  land  cover  identification  using  the  satellite  based  remote 
sensing  system  is  the  translation  of  the  data  with  these  two  properties  into  land  cover  classes 
recognized  on  the  ground.  The  standard  method  of  land-cover  class  differentiation  is 
identification  of  the  spectral  differences  between  the  classes.  However,  the  spectral 
differences  between  most  of  the  class  pairs  are  very  subtle,  whereas  the  spectral  variances 
within  the  classes  are  usually  high.  In  other  words,  some  classes,  which  can  be  easily 
distinguished  on  the  ground,  are  too  close  spectrally  to  be  distinguished  using  remotely 
sensed  data.  This  is  the  main  problem  in  land  cover  class  identification  using  the  remote 


sensor. 
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The  problem  of  spectral  indistinction  is  compounded  by  the  complexity  of  the 
natural  surface  of  the  earth  and  the  fuzziness  of  the  ground  land  covers.  The  spectral 
response  of  a given  area  unit  is  not  the  response  of  a single  land  cover  class  but  the  average 
response  of  all  the  classes  of  that  area. 

This  research  project  seeks  to  develop  a computer-automated  method  to  enhance 
land-cover  classification  accuracy  within  the  parameters  of  current,  commercially  available 
technology.  The  project  evaluates:  (1)  the  use  of  texture  bands,  (2)  the  optimum  band 
combination,  (3)  the  Gaussian  and  the  Bayesian  classification  systems,  (4)  the  hybrid 
classification  system,  and  finally,  (5)  the  mixed-band  combination.  According  to  the 
accuracy  improvement  obtained,  the  usefulness  of  the  various  techniques  could  be 
determined.  If  successful,  application  of  satellite-sensed  images  will  become  more  relevant, 
cheap,  and  fast.  The  development  would  significantly  replace  the  use  of  expensive  and 
time-consuming  aerial  photography  and  also  enhance  the  application  of  unique  properties  of 
the  satellite-sensed  images,  such  as  a larger  spectral  range. 

Problem  Statement 

The  database  for  land-cover  evaluation  used  in  land-use  planning  has  largely 
relied  on  manual  photo-interpretation  techniques.  This  method  is  very  costly  and  time- 
consuming.  The  computer-aided  automated  classification  of  the  remotely  sensed  satellite 
imagery  is  useful  if  it  reduces  cost  and  time. 

The  satellite  senses  the  land  surface  by  receiving  the  electromagnetic  radiation  from 
the  ground.  The  satellite  sensor  is  designed  to  observe  the  land  surface  as  contiguous  picture 
elements,  or  “pixels,”  like  floor  tiles.  The  sensor  then  senses  the  radiation  received  from 


9 


each  of  these  pixels  in  different  bands,  or  different  sections  of  the  electromagnetic  radiation 
spectrum.  According  to  the  brightness  of  the  received  radiation,  the  sensor  assigns  a digital 
number  (DN)  per  each  band  for  each  of  these  pixels,  which  constitutes  the  basis  for  the 
satellite  imagery  and  further  digital  analysis.  The  combination  of  pixel  DN  values  in  one  or 
more  bands  can  be  used  to  recognize  the  land  covers.  Image  classification  is  the  process  of 
sorting  pixels  into  a finite  number  of  individual  classes,  or  categories  of  data,  based  on  their 
data  values. 

The  set  of  DN  values  for  a pixel  provides  the  spectral  signature  for  that  particular 
pixel.  Thus,  the  satellite-sensor  recognition  of  the  land  surface  is  strictly  based  upon  the 
spectral  property  of  the  surface.  The  simplest  computer-aided  land-cover  classification 
procedure  consists  of  recognizing  first  the  spectral  signatures  of  the  given  land-cover 
classes.  Then,  the  spectral  signature  of  each  of  the  pixels  is  compared  with  each  of  the  class 
signatures.  A pixel  would  be  assigned  to  the  land-cover  class  with  the  closest  signature  to 
its  own.  Thus,  the  computer-aided  classification  of  the  land-cover  image  is  conducted 
strictly  according  to  the  spectral  property  of  the  surface  within  the  limitation  of  the  spatial 
resolution  of  the  pixels.  However,  the  land-cover  classification  of  interest  is  designed 
primarily  according  to  human  perception,  and  to  some  extent  influenced  by  the  potential 
human  land  use.  Land-cover  recognition  is  conducted  according  to  direct  human 
observation,  which  is  more  complex  and  takes  into  account  many  more  factors  than  do  the 
satellite  sensors.  Thus,  the  problem  of  land  cover  identification  using  the  remotely  sensed 
data  is  the  translation  of  these  spectral  data  into  ground  reality. 
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By  comparison,  human  visual  field  observation  has  two  basic  advantages  over  the 
satellite  sensors.  First,  the  observation  is  done  from  much  closer  proximity,  giving  better 
spatial  resolution.  Second,  the  human  observer  can  intuitively  recognize  the  shape  and 
texture  or  roughness  of  the  surface.  But,  human  observation  is  subjective,  so  that  even  the 
use  of  highly  trained  personnel  will  still  yield  comparatively  nonstandard  results,  and  the 
manual  process  is  slow.  On  the  other  hand,  the  satellite  sensor  can  sense  the  part  of  the 
electromagnetic  spectrum  that  is  not  visible  to  the  human  eye,  the  observation  is  objective 
with  the  data  being  recorded  in  digital  form  (which  facilitates  further  computational 
analysis),  and  the  computer-aided  classification  technique  is  much  faster. 

This  is  why,  with  the  present  technology,  classification  based  on  simple  spectral 
differentiation  has  not  produced  good  results:  the  main  problem  being  poor  accuracy. 
Classification  accuracy  is  achieved  when  the  land  covers  derived  from  satellite  sensed  data 
agree  with  those  recognized  by  human  perception.  But  the  objective  of  exploiting  the 
remotely  sensed  data  and  computer  technology  towards  objective,  cost  effective  and  fast 
land  cover  identification,  with  usable  accuracy,  is  not  realized.  The  improvement  in  the 
degree  of  accuracy  would  determine  the  extent  to  which  satellite  imagery  can  be  profitably 
employed. 

One  way  of  improving  the  classification  accuracy  is  to  incorporate  into  the 
computer-aided  method  the  advantages  of  human  perception,  especially  the  human  ability 
to  discern  the  texture  of  land  surfaces  and  the  high  spatial  resolution  of  the  ground 
observation.  Texture  may  be  defined  as  the  frequency  of  change  and  arrangement  of  tones 
in  an  image  (Jensen,  1996).  Texture  is  produced  by  an  aggregation  of  unit  features  that  may 
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be  too  small  to  be  discerned  individually  on  the  image.  However,  it  determines  the  overall 
visual  ‘smoothness’  or  ‘roughness’  of  image  features  (Lillesand  and  Kiefer,  1994).  Texture 
measures  add  a new  dimension  to  the  remote  sensing  of  the  earth’s  surface,  beside  the 
observation  of  the  spectral  properties.  Texture  can  be  measured  in  many  ways,  even  with 
directional  properties.  Thus,  texture  observations  along  with  the  spectral  observations  are 
expected  to  give  us  a better  understanding  of  the  earth’s  surface. 

It  is,  therefore,  proposed  that  the  integration  of  techniques  of  estimating  the  textural 
property  of  an  image  and  of  merging  satellite  data  of  different  spatial  resolution  to  derive 
higher  resolution,  would  give  better  accuracy.  So  far,  research  in  this  field  has  been  limited 
to  improving  a given  technique,  but  no  attempts  have  been  made  to  use  an  integrated 
approach  to  this  methodological  question  in  the  field  of  applied  geography. 

Objectives 

The  general  purpose  of  this  study  is  to  evaluate  the  use  of  texture  measures  in 
improving  on  land-cover  classification  accuracy.  By  merging  the  high  spectral  resolution 
image  with  the  high  spatial  resolution  image,  using  the  texture  measures  and  the 
appropriate  classification  decision  method,  improvements  in  classification  accuracy  is 
sought.  A standard  supervised  classification  of  an  image,  using  only  the  spectral  values, 
was  conducted,  and  its  accuracy  statistics  were  calculated.  In  addition,  the  same  image 
was  reclassified  using  the  above-mentioned  techniques  and  recalculating  the  accuracy 
statistics.  Improvement  in  the  accuracy  would  indicate  the  usefulness  of  the  introduced 
techniques,  while  absence  of  improvement  should  indicate  weakness  of  the  above 
techniques.  The  study  also  indicates  the  direction  for  further  research. 
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Research  Outline 

This  study  consists  of  land  cover  classification  analysis  at  level  II  (FLUCCS) 
using  satellite  imagery,  and  estimation  of  the  accuracy  of  the  classification.  As 
classification  systems  based  only  on  simple  spectral  differentiation  have  an  unacceptably 
low  accuracy  for  many  uses,  the  following  procedures  are  employed  in  order  to  improve  it. 

(1)  When  available,  LANDS AT-TM  and  SPOT-panchromatic  images  are  merged  to 
obtain  the  best  of  the  spectral  and  spatial  resolution.  There  are  two  test  areas  in  this  study. 
One  of  the  areas  has  both  LANDSAT-TM  and  SPOT-panchromatic  images,  the  second  area 
has  only  LANDSAT-TM  available. 

For  image-merging.  Price’s  method  (1987)  has  been  chosen  in  view  of  the 
simplicity  of  the  procedure,  its  ability  to  preserve  the  original  spectral  properties,  and  the 
relatively  high  accuracy  obtained  by  the  method  in  land-use  classification.  Price’s  merger 
method  consists  of  two  stages,  one  enhances  the  multispectral  bands  that  are  strongly 
correlated  with  the  high-resolution  panchromatic  image  and  second  enhances  weakly 
correlated  multispectral  bands.  In  stage  1,  the  relationship  between  digital  numbers  (DN)  of 
the  multispectral  bands  and  the  panchromatic  band  is  assumed  to  be  linear.  In  stage  2,  the 
relationship  is  not  assumed  to  be  linear;  rather,  a look-up  table  is  computed  to  relate  the 
different  DN  values  of  the  multispectral  bands  and  the  panchromatic  band.  The 
computational  step  of  Price’s  method  is  given  in  the  methodology  chapter. 

(2)  Several  textural  measures  of  the  image  are  determined.  These  measured  texture 
values  (along  with  the  spectral  values)  are  used  to  obtain  the  land-cover  classifications.  The 
computational  processes  of  the  texture  measures  are  given  in  the  methodology  chapter. 
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(3)  The  land-cover  classifications  are  conducted  using  both  the  Gaussian  and  the 
Bayesian  techniques  of  the  maximum-likelihood  system.  The  Bayesian  technique  requires 
prior  estimates  of  the  probability  of  occurrences  of  the  different  land-cover  classes.  The 
Gaussian  technique  does  not  require  prior  estimates  of  occurrence  probability;  it  assumes 
they  are  all  equal.  It  is  tried  when  the  information  regarding  the  probability  of  occurrences 
in  the  test  areas  is  available.  The  later  is  tried  when  the  probability  information  is  not 
available. 

(4)  A hybrid  technique,  using  both  supervised  and  unsupervised  classification 
systems,  is  also  employed  when  warranted.  In  a supervised  classification  system,  the 
identity  and  location  of  some  of  the  land  cover  types  are  known  a priori.  The 
characteristics  of  these  known  sites  or  ‘training  sites’  are  used  to  train  the  classification 
algorithm  for  the  overall  classification  of  the  image.  In  an  unsupervised  classification 
system,  the  identities  of  land  cover  types  to  be  specified  as  classes  within  a scene  are  not 
known  a priori.  There,  natural  groupings  or  clusterings  are  used  instead  of  the  training 
sites.  It  is  assumed  that  the  pixel  values  of  each  of  the  classes  cluster  together  naturally,  and 
these  clusterings  are  used  toward  classification.  First,  the  computer  is  required  to  group 
(cluster)  pixel  data  into  different  spectral  classes  according  to  statistically  determined 
criteria.  Then,  it  is  the  responsibility  of  the  analyst  to  label  these  clusters  (Jensen,  1986). 
For  class  identification,  the  supervised  classification  technique  relies  exclusively  on  the 
properties  of  training  sites.  In  that  way,  it  ignores  the  natural  clustering  property  of  the 
pixel  values.  The  unsupervised  technique,  on  the  other  hand,  relies  exclusively  on  the 
natural  clustering  of  the  pixel  values.  The  hybrid  technique  attempts  to  incorporate  both 
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techniques  and  thus  is  expected  to  yield  better  results.  First,  the  image  with  spectral  and 
texture  bands  is  subjected  to  unsupervised  clustering.  The  Iterative  Self  Organizing  Data 
Analysis  (ISODATA)  technique  of  the  unsupervised  clustering  system  is  used  here. 
ISODATA  is  a method  of  unsupervised  classification  that  uses  the  spectral  distances  of 
pixels  for  clustering  and  iteratively  classifies  the  pixels,  redefines  the  criteria  for  each  class, 
and  classifies  again,  so  that  the  spectral  distance  patterns  gradually  emerge  from  the  data. 
Since  it  is  self-organizing,  it  requires  minimum  input  from  the  researcher  and  is  also  not 
biased  towards  the  seed  pixels.  In  this  technique,  the  data  body  considered  to  be  distributed 
in  the  multi-dimensional  space  as  per  bands.  A number  of  arbitrary  seeds  are  assigned  as  the 
cluster  centroids  in  feature  space.  Feature  space  is  an  abstract  space  whose  dimensions  are 
defined  by  the  features  or  the  bands  of  the  image.  That  is,  the  abstract  space  are  supposed  to 
have  as  many  dimensions  as  there  are  bands  in  the  image.  Each  pixel  of  the  image  is 
defined  by  locating  it  in  the  feature  space.  The  location  is  determined  by  the  band  values  of 
the  pixel.  When  all  the  pixels  of  the  image  are  assigned  in  the  feature  space,  their 
distribution  may  show  clusterings.  The  pixels  are  assigned  or  classified  to  these  clusters  as 
per  their  proximity  to  the  centroids.  Once  all  the  pixels  are  classified  to  these  clusters,  then 
new  means  or  cluster  centers  are  calculated.  The  revised  means  or  centers  of  the  clusters  are 
then  used  as  the  basis  for  reclassifying  the  pixels.  The  process  continues  until  the  clusters 
are  stabilized  at  an  assigned  level.  This  would  yield  the  natural  clusterings  of  the  image 
data.  Once  the  clusterings  are  obtained,  they  are  checked  against  the  pixel  groups  of  the 
land-cover  classes  as  obtained  from  the  training  areas  using  the  supervised  classification 
method.  If  any  particular  cluster  is  close  enough  to  any  of  the  classes,  then  the  cluster  is 
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identified  as  belonging  to  that  particular  class.  In  that  way,  all  the  pixels,  which  belong  to 
the  cluster,  will  be  classified  in  that  particular  land-cover  class.  Out  of  these  identified 
clusters  training  statistics  are  developed  and  used  to  classify  the  entire  scene  (Lillesand  and 
Kiefer,  1994). 

(5)  “Mixed  band  combination”  classification  method  is  an  innovation  developed  in 
this  study.  The  best  classification  accuracy  value  for  a given  land-cover  class  is  obtained 
only  when  a specific  band  combination  is  used.  The  best  band  combinations  are  different 
for  diverse  land  cover  classes.  However,  the  present  software  configuration  (IMAGINE  8.3) 
allows  only  one  band  combination  for  aggregate  classification  of  all  the  classes.  The  mixed- 
band  combination  classifier  system  is  an  attempt  to  partially  circumvent  the  problem.  The 
system  allows  the  specification  of  different  band  combinations  for  different  classes,  where 
appropriate.  It  is  achieved  by  taking  the  following  steps.  First,  separate  supervised 
classifications  for  each  class,  using  the  best-band  combination  specific  to  the  given  class, 
are  conducted.  Here,  the  training  sample  contains  only  areas  specific  to  the  given  class. 
Because  only  one  class  is  used,  all  pixels  are  classified  to  the  same  class.  However,  a 
separate  data  file  is  created  that  indicates  the  distance  vector  of  each  pixel  from  the  mean  of 
the  class  values.  Then,  the  distance  vector  and  the  probability  of  occurrence  of  the  class  are 
used  to  reclassify  the  pixels.  That  is,  each  of  the  pixels  either  belongs  to  the  class  or  does 
not.  The  process  is  repeated  for  each  of  the  classes.  Once  the  process  is  complete,  every 
pixel  is  checked  to  see  whether  it  belongs  to  a class  or  not.  If  the  pixel  belongs  to  a class 
unambiguously,  then  it  is  classified  as  such.  If  the  classification  is  ambiguous,  then  the  pixel 
is  considered  unclassified.  Finally,  all  the  unclassified  pixels  are  reclassified  according  to 
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the  Bayesian  technique.  Thus,  the  partial  mixed-band  combination  classification  is 
achieved. 

(6)  The  digitized  (GIS)  land-cover  classes  information  developed  by  the  State  of 
Florida  is  used  to  estimate  the  probability  of  occurrence  of  each  of  the  land-cover  class  and 
is  also  used  as  the  reference  or  ground  truth. 

(7)  Finally,  the  accuracy  of  the  classification  is  measured  at  hand  of  the  percentage 
of  correct  identification  and  by  adjusting  for  the  chance  agreement.  The  percentage  of 
correct  identification  is  given  by  comparing  two  sources  of  information;  the  remote  sensing 
derived  classification  map  and  the  reference  (or  considered  true)  information  map.  The 
relationship  between  these  two  sets  of  information  is  commonly  summarized  in  an  error 
matrix.  An  error  matrix  is  a square  array  of  numbers  laid  out  in  rows  and  columns  that 
expresses  the  number  of  sample  units  assigned  to  a particular  category  by  the  remote 
sensing  derived  classification  map  relative  to  the  reference  map.  The  columns  normally 
represent  the  reference  data,  while  the  rows  indicate  the  classification  generated  data.  An 
error  matrix  is  a very  effective  way  to  represent  accuracy  because  the  accuracy  of  each 
category  is  clearly  described,  along  with  both  the  errors  of  inclusion  (commission  errors) 
and  the  errors  of  exclusion  (omission  errors)  (Jensen,  1996).  The  percentage  of  the  correct 
identification  also  includes  the  chance  agreement.  Therefore,  it  is  necessary  to  have  a 
measure  that  takes  into  account  such  chance  agreement.  The  Kappa  coefficients  of 
agreement  yield  the  accuracy  while  controlling  for  chance  agreement.  The  measure  of 
classification  accuracy  described  by  Congalton  and  Mead  (1983),  and  Rosenfield  and 
Fitzpatrick-Lins  (1986),  and  Congalton  (1991)  is  used  in  this  study.  The  Kappa  coefficient 
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(K-statistics)  provides  a measure  of  difference  between  the  observed  agreement  between 
two  maps  and  agreement  that  is  contributed  by  chance. 

This  project  considers  texture  only.  There  are  several  other  methods  that  potentially 
could  enhance  classification,  but  were  not  considered: 

(1)  multispectral,  high-resolution  remotely  sensed  data  gathered  by  airborne  sensors; 

(2)  fuzzy  sets  approach  to  data  representation,  where  the  land  cover  is  considered 
continuous  rather  than  discrete  data  as  assumed  in  this  study; 

(3)  techniques  of  image  merging  and  texture  estimation,  in  which  the  complexities 
of  the  algorithm  and  computer-facility  requirement  outweigh  the  marginal  improvement  in 
the  information; 

(4)  the  radiance  property  approach  to  land-cover  identification,  where  many 
physical  land-cover  factors,  atmospheric  attenuation,  and  satellite  sensors  are  taken  into 
account;  and 

(5)  the  artificial  intelligence  and  computer  vision  approach  to  land-cover  analysis  by 
which  the  computer  tries  to  imitate  the  human  cognitive  process  in  recognizing  the  pattern. 

A work  of  this  nature  goes  slightly  beyond  the  scope  of  a study  of  land-cover 
capability  utilizing  satellite-sensed  imagery  because  it  incorporates  the  concept  of  change 
with  respect  to  time  and  geographical  parameters,  such  as  urbanization.  Furthermore,  it 
allows  production  of  a quick  answer  to  a specific  question  or  a specific  area,  albeit  of  lesser 
accuracy,  which  could  be  tied  to  or  used  as  an  update  to  a more  standard  land-cover 
analysis.  In  this  sense,  the  investigation  becomes  a matter  of  applied  geography  and  system 
development  rather  than  a one-time  inventory. 
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Structure  of  the  Dissertation 

Using  the  satellite-sensed  imagery  and  the  computer-automated  process,  this 
research  basically  evaluates  use  of  texture  measures  to  improve  land-cover  identification. 
The  dissertation  is  divided  into  seven  chapters. 

In  the  first  chapter,  the  research  problem  and  its  context  are  introduced.  The 
objective  and  the  outline  of  the  research  project  are  also  discussed  in  this  chapter. 

In  the  second  chapter,  a survey  of  past  research  works  pertinent  to  the  project  is 
conducted.  The  chapter  is  divided  into  a number  of  sections  that  deal  with  different  topics  of 
interest,  which  include  earlier  works  on  the  land-cover  identification;  use  of  conventional 
computer  classification  techmques  and  the  accuracy  values  obtained;  pertinent  image- 
merging techniques;  texture-measuring  algorithms;  different  classification  systems; 
classification  accuracy  assessment  methods;  fiizzy  representations  of  the  land  covers;  and 
the  problem  of  dimensionality. 

In  the  third  chapter,  the  features  of  the  study  area  including  the  physiography,  soil, 
geology,  vegetation,  human  occupancy,  and  the  Florida  land  use/cover  classification  system 
are  described. 

In  the  fourth  chapter,  the  research  methodology  is  described.  This  includes  (1)  the 
techmque  of  image  merging,  (2)  the  algorithms  for  texture  measurements,  (3)  the 
classification  algorithms,  and  finally  (4)  the  method  of  accuracy  evaluation. 

In  the  fifth  chapter,  the  data  used  for  this  research  project  and  the  preliminary  data 
processing  are  described.  The  available  data  include  satellite-sensed  images,  aerial 
photographs,  and  digitized  GIS  land-cover  files.  The  preliminary  data  processing  includes 
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(1)  rectification  of  the  raw  image,  (2)  merging  of  the  images  for  higher  spatial  and  spectral 
resolution,  (3)  creation  of  the  texture  bands,  and  finally  (4)  recognition  of  the  land-cover 
classes  in  the  ground,  using  the  GIS  database  and  creating  the  corresponding  training  areas 
in  the  image,  which  will  provide  information  for  the  computer-aided  classification. 

In  the  sixth  chapter,  the  land-cover  classification — conducted  using  different 
techniques  and  the  different  band  combinations — and  resulting  accuracy  values  are 
reported.  The  chapter  is  divided  into  five  sections.  The  first  section  presents  the  accuracy 
measured  when  standard  Gaussian  maximum-likelihood  supervised  classification  is 
conducted  using  only  the  spectral  bands.  The  classification  is  performed  for  the  land-cover 
classes  at  (FLUCCS)  level  II.  The  accuracy  result  serves  as  reference  against  which  the 
other  accuracy  measurements  will  be  compared.  This  section  also  examines  the 
classification  accuracy  values  when  all  the  spectral  and  texture  bands  are  used.  In  the 
second  section,  the  efforts  to  solve  the  problem  of  dimensionality  by  lowering  the  number 
of  bands  are  discussed,  In  the  third  section,  the  further  reduction  of  band  size  by  combining 
different  bands,  clumping  of  the  closely  associated  land-cover  classes,  and  use  of  a priori 
knowledge  of  the  probability  of  occurrences  of  the  classes  are  discussed.  A number  of 
different  band  combinations  are  tried  to  obtain  the  best  accuracy  values  and  the  optimal 
band  combination.  In  the  fourth  section,  the  attempt  to  use  a hybrid  classification  system  is 
made.  The  hybrid  system  incorporates  both  supervised  and  unsupervised  classification 
techniques  and,  hence,  is  expected  to  yield  better  results.  In  the  fifth  section,  the  attempt  to 
enhance  classification  accuracy  by  using  the  best-band  combinations  for  each  of  the  land- 
cover  classes  is  described;  this  is  different  from  using  only  one  band  combination  for  all 
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the  classes.  In  the  sixth  section,  the  classification  accuracies  using  the  texture  values 
measured  with  the  window  size  of  5x5,  as  opposed  to  the  window  size  of  3x3  in  earlier 
cases,  are  reported.  In  the  seventh  section,  the  landcover  classification  accuracy  analyses 
are  conducted  using  the  Florida  Game  and  Fresh  Water  Fish  Commission  (FGFWFC) 
landcover  classification  system. 

Finally,  in  the  seventh  chapter,  the  results  and  the  conclusions  drawn  from  this  study 
are  discussed  and  directions  for  future  research  work  are  indicated.  This  chapter  is  followed 
by  the  references  and  the  appendices  sections. 


CHAPTER  2 
LITERATURE  REVIEW 

Introduction 

Satellites  remotely  sense  the  electromagnetic  spectral  properties  of  the  earth’s 
surface  and  these  spectra  are  used  to  characterize  the  land  cover.  Several  techniques  have 
been  developed  which  use  per-pixel  spectral  differences  for  land-cover  analysis.  However, 
these  methods  have  yielded  unacceptably  low  accuracies  as  compared  to  the  aerial  photo 
interpretation.  Attempts  to  map  land  cover  directly  from  satellite  data  with  conventional 
computer  classification  techniques  using  spectral  property  have  proven  to  be  mostly 
ineffective  (Gong  and  Howarth,  1992b).  Anderson  et  al.  (1976)  stipulate  a minimum 
accuracy  standard  of  85%  for  land  use/cover  mapping  using  remote-sensor  data. 

In  a study  conducted  by  Gong  and  Howarth  (1992b)  in  the  rural-urban  fringe  of 
Toronto,  Canada,  the  land-use  map  developed  from  a SPOT-XS  image,  using  the 
maximum-likelihood  classifier  technique  and  a classification  scheme  with  14  land-use 
classes,  revealed  an  accuracy  of  the  Kappa  value  of  0.462  (K=l,  for  perfect  accuracy).  The 
Kappa  value  is  a statistical  measure  that  indicates  the  extent  to  which  the  percentage  of 
correct  values  of  an  error  matrix  are  due  to  true  agreement  versus  chance  agreement.  In 
another  study  conducted  by  Moore  and  Bauer  (1990)  in  the  Itasca  State  Park,  Minnesota, 
the  classification  of  forest  vegetation  using  LANDSAT  imagery  yielded  accuracies  ranging 
from  26%  to  86%,  depending  upon  the  sensor,  number  of  classes,  and  performance  measure 
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used.  As  mentioned  before,  Smith  et  al.  (1992)  obtained  92%  accuracy  by  merging  the 
SPOT  and  LANDSAT  imagery  of  south  Florida  and  visually  classifying  it.  Rutchey  and 
Vilchek  (1994)  used  SPOT  multispectral  imagery  and  the  hybrid  classification  method  for 
land  cover  classification  of  the  Florida  Everglades.  The  study  obtained  an  overall  accuracy 
of  70.9%  (Kappa,  67.0%)  for  20  class  maps  and  80.9%  (Kappa,  73.5%)  for  12  class  maps. 
(Rutchey  and  Vilchek,  1994).  Rutchey  and  Vilchek  (1999)  used  airphotointerpretation  and 
SPOT  multispectral  imagery  analysis  techniques  to  map  Cattail  coverage  in  a Northern 
Florida  Everglades  Impoundment.  The  land  cover  was  divided  into  4 classes.  The  study 
obtained  an  overall  accuracy  of  95.2%  (Kappa,  91.3%)  using  airphotointerpretation  and 
83.4%  (Kappa,  70.0%)  using  SPOT  multispectral  imagery  analysis.  (Rutchey  and  Vilchek, 
1999).  C.P.  Lo  (1997,  unpublished  report)  obtained  87%  overall  accuracy  value  (Kappa, 
82.74%),  using  the  hybrid  classification  method  and  visual  post  classification  correction  for 
six  land-cover  classes  of  the  Atlanta  Metropolitan  Area  in  Georgia. 

A distinction  may  be  made  between  land  covers  and  land  uses.  The  land  cover 
analysis  entails  the  recognition  of  surficial  features,  whereas  land  use  is  the  human  use  of 
the  given  tract  of  land.  Land  cover  recognition  becomes  the  first  step  towards  land  use 
analysis.  A land  use  with  a single  land  cover  feature  is  easy  to  recognize,  but  in  some  land 
uses  a combination  of  land  covers  must  to  be  taken  in  to  account.  Barnsley  and  Barr  (1996) 
described  a technique  of  inferring  urban  land  use  from  satellite  sensed  images  in  which 
urban  areas  commonly  comprise  a complex  spatial  assemblage  of  spectrally  distinct  land 
cover  types.  Thus,  per  pixel  classification  algorithms  are  poorly  equipped  to  monitor  urban 
land  use  from  the  high  spatial  resolution  satellite  images.  In  their  study,  a technique  called 


23 


SPARK  (Spatial  Reclassification  Kernel)  that  attempts  to  derive  information  on  urban  land 
use  in  two  stages  was  utilized.  The  first  step  involved  classification  of  the  image  into  broad 
land  cover  types,  while  in  the  second  stage,  referred  to  as  spatial  reclassification,  the 
classified  pixels  were  grouped  into  discrete  land  use  categories  on  the  basis  of  both  the 
frequency  and  the  spatial  arrangement  of  the  land  cover  labels  within  a square  kernel.  The 
study  obtained  the  overall  accuracy  of  96.86  % and  Kappa  coefficient  of  92.1  % for  8 land 
use  classes  (Barnsley  and  Barr,  1 996). 

To  improve  on  the  effectiveness  of  the  satellite  data  for  land-cover  analysis, 
several  other  techniques  have  been  introduced.  These  innovations  range  from  merging 
images  for  better  resolution  to  deriving  information  other  than  spectral  data  especially 
texture  data,  classification  rule  or  assigning  a given  pixel  into  the  given  set  of  classes,  and 
other  techniques. 

Merging  of  Satellite  Images 

A wide  variety  of  sensors  on  board  of  aircraft  or  satellites  provide  a rich  source  of 
data  on  the  spectral  characteristics  resources  on  earth.  Among  those  the  LANDSAT-TM 
and  SPOT  data  are  the  most  frequently  used.  Miguel-Ayanz  and  Biging  (1997)  compared 
the  performance  of  LANDSAT-TM  and  SPOT  data  for  cover  type  mapping  on  the  Central 
Sierra  of  Spain,  and  found  that  there  is  not  a statistically  significant  difference  in  overall 
performance  between  these  types  of  data  for  large-scale  cover  type  mapping.  However, 
LANDSAT-TM  proved  superior  to  SPOT  data  when  the  iterative  classification  approach  is 
used.  (Miguel-Ayanz  and  Biging,  1997). 
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Data  from  different  sensors  can  be  merged  to  obtain  a better  image  with  higher 
spectral  and  spatial  resolutions.  In  our  case,  we  want  to  merge  the  LANDSAT-TM  image, 
which  has  high  spectral  resolution,  with  the  SPOT-PAN  image,  which  has  high  spatial 
resolution.  For  this,  a number  of  merging  techniques  are  available. 

Chavez,  Sides,  and  Anderson  (1991)  conducted  a comparative  study  of  three 
techniques  corresponding  to  this  category  of  merger  algorithms:  hue-intensity-saturation 
(HIS),  principal  component  analysis  (PCA),  and  high-pass  filter  (HPF)  procedures,  using 
statistical,  visual,  and  graphical  means  of  comparison  between  methods.  The  study 
concluded  that  the  spectral  distortion  by  the  HPF  method  is  least  as  compared  with  the 
results  generated  by  either  the  HIS  or  PCA  methods.  The  PCA  distorted  the  spectral 
characteristics  of  the  data  less  than  the  HIS  method.  This  finding  is  owed  to  the  fact  that  the 
first  principal  component  images  are  more  highly  correlated  with  the  panchromatic  (PAN) 
image  than  are  the  intensity  images  (Chavez,  Sides,  and  Anderson,  1991).  However,  the 
study  did  not  concern  itself  with  the  evaluation  in  terms  of  the  utility  of  the  merged  data  for 
land-cover  classification. 

For  the  land  cover  classification,  maintenance  of  the  radiometric  integrity  of  the 
merged  image  is  imperative.  The  merging  techniques  proposed  by  Price’s  (1987)  and 
Munechika  et  al.  (1993)  address  the  problem  of  maintaining  the  spectral  characteristics  of 
the  hybrid  image.  Price  proceeds  in  two  stages:  the  first  consists  of  merging  when  there  are 
high  correlations  between  the  bands  of  the  multispectral  image  and  the  panchromatic  image, 
in  the  second  a look-up  table  is  created  to  merge  the  bands  with  weak  correlations.  The 
method  proposed  by  Munechika  et  al.  (1993),  named  ‘Ratio  method’,  relies  on  the  local 
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correlation  between  the  low  resolution  pixel  radiance  values  and  the  corresponding  mean 
panchromatic  radiance  values.  The  ratio  method  gives  a slightly  better  classification 
accuracy  (95.7%)  than  Price’s  method  (95.1%).  However,  the  proposed  method  requires 
that  the  two  image  data  to  be  merged  have  strong  correlations,  while  the  Price’s  method  has 
an  built-in  mechanism  that  deals  with  the  non-correlation  problem.  In  the  case  of  weakly 
correlated  bands.  Price’s  method  assumes  that  the  relationship  between  the  low-resolution 
multispectral  bands  and  the  high-resolution  panchromatic  band  cannot  be  considered  linear. 
However,  to  estimate  the  high  resolution  values  for  the  multispectral  bands,  a look-up  table 
is  computed.  Thus,  for  our  purpose.  Price’s  method  offers  the  better  option  (Munechika  et 
al.,  1993). 

Earlier,  the  merging  techniques  consisted  of  simple  algebraic  additions  or  similar  to 
Intensity-Hue-Saturation  transformations  (Carper  et  al.,  1991),  in  which  the  spectral 
integrity  was  poorly  maintained.  Today,  there  has  been  some  progress.  Garguet-Duport  et 
al.  (1997)  and  Yocky  (1997)  reported  that  the  use  of  wavelets  transformation  techniques 
give  good  results  in  the  preservation  of  spectral  characteristics. 

On  the  other  hand,  there  also  has  been  attempt  of  subpixel  classification  or 
identification  of  different  cover  types  within  a single  pixel.  For  example,  Huguenin  et  al. 
(1997)  conducted  a subpixel  analytical  process  to  classify  Bald  Cypress  and  Tupelo  Gum 
wetland  in  LANDSAT  Thematic  Mapper  imagery  in  Georgia  and  South  Carolina.  It  used  a 
novel  technique  named  “Subpixel  processing”,  defined  as  the  search  for  specific  materials 
of  interest  from  within  a pixel’s  mixed  multispectral  image  digital  number  spectrum. 
Subpixel  processing  does  not  provide  information  on  where  the  material  of  interest  occurs 
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within  the  pixel.  It  does  provide  important  information  on  the  relative  proportion  of  the 
material  of  interest  found  within  a pixel.  The  study  found  the  total  classification  accuracy 
for  the  cypress  to  be  89  % and  the  tupelo  to  be  91%. 

However,  there  have  also  been  recent  developments  towards  satellite  sensor  system 
which  capture  high  spatial  resolution  data  first  hand,  reducing  the  importance  of  merging 
techniques  or  subpixel  classification  techniques. 

Texture  Analysis  of  the  Image 

The  texture  of  an  image  may  be  defined  as  visual  roughness  or  variation  among 
adjacent  pixels.  It  also  may  be  defined  as  the  frequency  of  change  and  arrangement  of 
tones  in  an  image  (Jensen,  1986).  Raghu  et  al.  (1997)  define  texture  as  “A  region  in  an 
image  is  a texture  if  a set  of  local  statistics  or  other  local  properties  of  the  image  are 
constant,  slowly  varying,  or  approximately  periodic.”  Haralick  (1973)  gives  the  glossary 
and  index  of  the  remotely  sensed  image  pattern  recognition  concepts  and  discusses  the 
different  statistical  and  structural  approaches  to  the  texture.  Texture  properties  can  be  used 
to  perform  land  cover  classification  with  a series  of  recent  innovations  in  spatial-feature 
extraction  methods. 

Gong  et  al.  (1992)  conducted  a study  to  evaluate  the  relative  powers  of  the  three 
selected  methods  in  terms  of  land-cover  classification,  using  SPOT-XS  data  at  the  rural- 
urban  fringe  of  metropolitan  Toronto,  Canada.  The  first  two  methods  are  the  well-known 
gray-level  co-occurrence  matrix  (GLCM)  (Haralick  et  al.,  1973)  and  the  simple  statistical 
transformation  (SST)  (Hsu.  1978).  The  third  method  is  the  texture  spectrum  (TS)  developed 
by  Wang  and  He  (1990).  The  GLCM  method,  proposed  by  Haralick  et  al.  (1973), 
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generates  spatial  features  in  two  steps.  First,  the  spatial  information  of  a digital  image  is 
extracted  by  a co-occurrence  matrix  calculated  on  a pixel  neighborhood,  defined  by  a 
moving  window  of  a specific  size.  Such  a matrix  contains  frequencies  of  any  combination 
of  gray-levels  occurring  between  pixel  pairs  separated  by  a specific  distance  and  angular 
relationship  within  the  window.  The  second  step  of  the  textural  analysis  computes 
statistics  from  the  gray-level  co-occurrence  matrix  to  describe  the  spatial  information 
according  to  the  relative  position  of  the  matrix  elements.  The  second  set  of  methods 
involves  setting  a moving  window  of  3x3  or  5x5  size  over  a pixel  and  then  computing  a 
number  of  statistics  or  simple  statistical  transformations  (SST)  out  of  the  DN  values 
within  the  window.  These  statistics  or  SST’s  are  considered  as  texture  measures  to 
describe  tbe  concerned  pixel.  Hsu  (1978)  proposed  23  SST  spatial  measures  that  could  be 
used  for  texture  extraction.  Gong  et  al.  (1992)  tested  these  measures  through  visual 
comparison  and  found  that  the  spatial  measures  can  be  divided  into  two  categories.  The 
first  group  of  measures  operates  similar  to  the  smoothing  function,  while  the  second 
group  works  like  an  edge  enhancer.  In  the  third  method  or  texture  structure,  a given  pixel  is 
assigned  a TS  texture  value  (TSV)  according  to  its  relationship  with  the  eight  neighboring 
pixels.  First,  a 3x3  window  is  set  around  the  concerned  pixel.  Each  of  the  8 neighboring 
pixels  are  assigned  a temporary  value  either  0,  or  1 or  2;  according  to  whether  the  pixel 
value  is  smaller  than  or  equal  to  or  higher  than  the  pixel  of  concern.  The  aggregate  of  the 
newly  assigned  values  for  the  8 neighboring  pixels  gives  the  texture  unit  for  the  concerned 
pixel.  Here,  we  may  note  that  the  TSV  pertains  to  the  relative  value  of  the  concerned  pixel 
with  its  neighbors,  as  opposed  to  tbe  absolute  differences.  The  occurrence  frequency  of  all 
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the  texture  units  over  a whole  image  is  termed  ‘TS’  or  texture  spectrum,  which  reveal 
texture  information  of  the  image  being  analyzed.  In  their  preliminary  evaluations,  Wang 
and  He  (1990)  found  that  the  TS  method  is  able  to  reveal  texture  information  about  images 
and  has  promising  discriminating  performance  for  different  textures. 

The  study  by  Gong  et  al.  (1992)  showed  that  both  the  GLCM  and  the  SST  methods 
can  largely  improve  land-use  classification  accuracies.  When  each  spatial  feature  image  was 
combined,  in  turn,  with  the  multispectral  images  in  the  land-use  classification,  an  Angular 
Second  Moment  image  (a  GLCM  based  texture  statistics  which  measures  the  homogeneity 
of  the  image)  with  a kernel  window  size  of  5x5  produced  the  best  classification  results.  The 
overall  accuracy  measured  by  the  Kappa  coefficient  was  0.665,  which  significantly 
improved  the  accuracy  of  0.574  obtained  after  using  the  multispectral  images  only.  For  the 
SST  method,  a standard  deviation  image  generated  using  a pixel  window  size  of  3x3 
yielded  the  best  accuracy  of  0.640.  When  the  Standard  Deviation  image  and  the  ASM 
image  were  combined  with  the  spectral  images,  the  classification  accuracy  was  further 
improved  to  0.685.  However,  the  TS  method  achieved  only  limited  accuracy  improvements 
compared  to  that  of  the  multispectral  images  (Gong  et  al.,  1992). 

Weszka  et  al.  (1976)  conducted  a comparative  study  of  texture  measures  for  terrain 
classification.  They  studied  three  types  of  texture  measures  derived  from  - (a).  Fourier 
power  spectrum,  (b).  Gray  level  co-occurrence  matrix,  and  (c).  Statistics  derived  from  the 
probability  densities  of  values  of  various  local  properties.  The  study  found  that  the  Fourier 
features  performed  poorly,  while  the  other  feature  sets  performed  comparatively  better.  The 
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feature  derived  from  the  local  statistics  performed  as  good  as,  or  slightly  better  than,  the 
features  derived  from  the  gray  level  co-occurrence  matrix. 

Borne  (1994)  proposed  a new  texture  feature  named  Mean  Pure  Area  (MPA) 
method  in  which  the  texture  is  defined  by  the  frequency  of  alignments  of  similar  pixel 
values.  A rough  texture  presents  relatively  frequent  long  alignments,  while  a fine  texture 
presents  rather  short  alignments.  Borne’s  simulation  study  has  shown  that  the  use  of  this 
texture  method  increases  in  the  classification  accuracy  by  about  10%  (Borne,  1994). 

Philpot  and  Chavarria  (1994)  compared  two  classification  algorithms  that  rely  on 
both  spectral  and  textural  information.  Tlie  first  is  a standard  maximum-likelihood 
classification  procedure  with  a texture  “band”  added  to  the  spectral  band  set,  while  the 
second  is  a pattern  matching  algorithm  which  integrates  the  spectral  and  spatial 
characteristics  of  the  data  in  recognizing  a user  specified  training  pattern.  The  texture  is 
computed  using  the  edge  preserving  segmentation  technique,  which  consists  of  a moving 
window  divided  into  several  partitions,  so  that  variances  can  be  computed  for  each  of  the 
partitions.  The  smallest  variance  (or  corresponding  mean)  obtained  is  selected  as  the  texture 
measure  for  the  central  pixel  of  the  window.  The  study  found  that  adding  texture  has  no 
effect  on  the  classification  accuracy  when  using  maximum-likelihood  classification.  Only 
the  spectral  texture  pattern  matching  approach  yielded  different  (and  improved) 
classification  accuracy  (Philpot  and  Chavarria,  1 994). 

Franklin  and  Peddle  (1990)  combined  texture  features  with  the  SPOT  HRV 
multispectral  image  and  used  them  for  land  cover  classification.  The  two  texture  features 
entropy  and  inverse  difference  moments  were  computed  based  upon  the  gray  level  co- 
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occurrence  matrices  compiled  over  21x21  pixel  windows.  The  model  was  tested  over 
eastern  Canada  where  the  land  covers  were  divided  into  seven  classes.  The  addition  of  the 
texture  features  increased  the  classification’s  accuracy  from  51.1  % to  86.7  % (Franklin  and 
Peddle,  1990). 

Ryherd  and  Woodcock  (1996)  studied  the  effect  of  combining  spectral  and  texture 
data  in  the  segmentation  of  remotely  sensed  images.  Image  segmentation  is  the  process  of 
dividing  digital  images  into  spatially  cohesive  units,  or  “regions.”  These  regions  represent 
discrete  objects  or  areas  in  the  image.  Segmented  images  are  useful  primarily  because  they 
provide  the  basic  units  used  in  maps  when  individual  pixels  in  the  image  are  too  small  for 
this  purpose.  The  texture  feature  is  measured  by  computing  the  local  variance  in  an 
adaptively  placed  3x3  window.  A simulated  forest  image  was  created  in  order  to  test  the 
method  where  the  forest  stand  boundaries  are  distinct  and  unambiguous.  The  test  results 
demonstrate  that  texture  is  a helpful  addition  only  when  the  classes  in  the  scene  exhibit 
differences  in  image  values.  When  texture  values  are  very  similar  between  classes,  the 
addition  of  texture  does  not  help  significantly  (Ryherd  and  Woodcock,  1996). 

Though  texture  may  be  understood  intuitively,  the  numeric  value  assigned  to  it 
depends  upon  the  ‘DN’  and  the  algorithm  devised  to  calculate  it.  Thus,  it  is  influenced  not 
only  by  the  quality  of  ‘DN’  but  also  by  the  other  intermediate  image  processing  procedures. 
Roy  and  Dikshit  (1994)  investigated  the  effects  of  the  image  resampling  upon  the  textural 
information  content  of  a high  spatial  resolution  remotely  sensed  image.  The  effects  of 
bilinear  and  cubic  convolution  resampling  techniques  on  the  five  texture  measures  termed 
inertia,  mean,  entropy,  energy,  and  inverse  difference  moment  were  studied.  Texture 
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measures  were  computed  based  upon  the  gray  level  differences  histogram  algorithms.  The 
study  revealed  that  the  texture  values  calculated  were  modified  in  a complex  manner  by  the 
resampling  process.  The  degree  of  modification  was  found  to  be  dependent  upon  the  texture 
feature  measure,  the  spatial  gray  level  variation  of  the  image,  and  the  smoothing  properties 
of  the  resampling  algorithm  (Roy  and  Dikshit,  1994). 

The  choice  of  texture  images  differs  among  researchers.  On  one  hand,  Riou  and 
Seyler  (1997)  found  that  spectral  images  work  better  in  tropical  rain  forest  regions,  where 
due  to  atmospheric  noise  effects,  satellite  optical  images  have  often  poor  spectral  quality, 
low  reflectance  values,  and  a narrow  gray  level  variations  scale.  The  study  established  that 
optical  rain  forest  satellite  images  are  best  described  by  their  textural  rather  than  by  their 
spectral  properties  (Riou  and  Seyler,  1997).  On  the  other  hand,  Cushnie  (1987)  went  so  far 
as  to  suggest  removing  textural  information  entirely  through  the  use  of  smoothing 
algorithms  in  order  to  improve  classification  results  (Ryherd  and  Woodcock,  1996). 

Other  attempts  have  been  made  to  collect  spatial  information  from  an  image  other 
than  its  texture.  One  of  the  techniques,  described  by  Gong  and  Howarth  (1992b  and  1992c), 
is  the  frequency-based  contextual  classification.  In  this  method,  the  frequency  occurrences 
of  different  pixel  values  in  a given  pixel  window  are  compared  with  the  mean  histograms  of 
all  the  land-use  classes.  The  best  overall  classification  accuracies  (measured  by  the  Kappa 
coefficients)  obtained  using  the  three  procedures  were  0.616  when  a classification  scheme 
with  14  land-use  classes  was  used  (Gong  and  Howarth,  1992b). 

The  texture  values  are  measured  using  a kernel  or  a moving  window  around  the 
pixel  of  interest.  Ideally  the  windows  are  of  sizes  3x3  to  9x9.  In  this  study  3x3  and  5x5 


32 


window  sizes  are  used,  and  results  are  not  substantially  different.  However,  Hodgson  (1998) 
conducted  a subjective  human  perception  study,  using  human  subjects  and  digital  image 
with  1.5x1. 5 meters  resolution,  and  found  that  a minimum  window  size  of  40x40  pixels 
(60x60  meters  in  the  ground  area)  was  required  for  classifying  Level  11  urban  land  use. 
(Hodgson,  1998). 

Emersion  et  al.  (1999)  studied  the  relationship  between  the  pixel  size  and  the 
complexity  of  the  scene,  or  the  fractal  dimension.  Emersion  et  al.  studied  the  fractal 
dimension  of  normalized  difference  vegetation  index  (NDVI)  images  of  homogeneous  land 
covers  near  Huntsville,  Alabama,  over  the  range  of  10  to  80  meters  pixel  sizes.  The  study 
found  that  the  image  of  agriculture  area  grew  more  complex  as  the  pixel  size  was  increased 
from  10  to  80  meters,  while  the  forested  area  grew  slightly  smoother  and  the  complexity  of 
the  urban  area  remained  approximately  the  same.  In  examining  the  changes  in  fractal 
dimensions  with  changing  pixel  size,  an  obvious  question  to  ask  is  whether  it  is  best  to  use  a 
fine  resolution  for  analyzing  complex  scenes  with  heterogeneous  land  uses,  or  is  it  best  to 
select  a resolution  where  the  complexity  of  each  land  cover  is  approximately  the  same 
(around  40  meters  pixel  size).  If  one  is  wishing  to  distinguish  between  the  different  land 
covers,  then  the  resolution  at  which  the  greatest  differences  in  complexity  occurs  is  optimal. 
If  the  question  is  concerned  with  determining  lumped  characteristics  of  a heterogeneous 
scene,  then  the  resolution  with  the  least  differences  in  fractal  dimension  will  likely  provide 
more  unbiased  estimates  of  the  scene  taken  as  a whole.  (Emersion  et  al.,  1 999). 
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Rule-based  Classification  System 

Image  classification  is  the  process  of  sorting  pixels  into  a finite  number  of 
individual  classes,  or  categories  of  data,  based  on  their  data  values.  If  a pixel  satisfies  a 
certain  set  of  criteria,  the  pixel  is  assigned  to  the  class  that  corresponds  to  these  criteria. 
Depending  on  the  type  of  information  the  analyst  wants  to  extract  from  the  original  data, 
classes  may  be  associated  with  known  features  on  the  ground  (ERDAS  Field  Guide,  1995). 
A range  of  rule-based  classification  systems  exists. 

1 . The  simple  evidential  method  relies  on  obtaining  measures  of  the  relative  “mass 
of  evidence”  in  support  of  alternative  hypotheses  and  on  selecting  the  hypothesis  with  the 
greatest  evidence  mass.  The  computer  system  can  be  programmed,  or  “trained,”  to 
recognize  patterns  in  the  data.  “Training”  is  the  process  of  defining  the  criteria  by  which 
these  patterns  are  to  be  recognized  (Hord,  1982). 

(a)  “Supervised  training”  is  closely  controlled  by  the  analyst.  In  this  process, 
the  analyst  selects  pixels  that  represent  patterns  or  land-cover  features  that  can  be 
identified  from  other  sources  such  as  aerial  photos,  ground  truth  data,  or  maps.  By 
identifying  patterns,  the  analyst  “trains”  the  computer  system  to  identify  pixels  with 
similar  characteristics  (ERDAS  Field  Guide,  1995).  Once  an  overall  land-cover 
pattern  is  recognized,  then  each  pixel  of  the  image  is  classified  according  to  certain 
decision  rules  or  classifiers.  The  classifiers  may  be  parametric  or  non-parametric. 
The  parametric  system  is  based  upon  statistical  theories  and  make  assumptions 
about  the  properties  of  the  data,  e.g.  normality  of  distribution.  On  the  other  hand,  the 
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non-parametric  system  is  not  statistically  based  and  makes  no  assumptions  about  the 
properties  of  the  data  (Kloer,  1994). 

The  Gaussian  maximum-likelihood  technique  is  a parametric  classifier, 
which  quantitatively  evaluates  both  the  variance  and  covariance  of  the  category 
spectral  response  patterns  when  classifying  an  unknown  pixel.  To  achieve  this,  an 
assumption  is  made  that  the  distribution  of  the  cloud  of  points  forming  the  category 
training  data  is  Gaussian  or  normally  distributed.  This  normality  assumption  is 
generally  reasonable  for  common  spectral  response  distributions.  Under  this 
assumption,  the  distribution  of  a category  response  pattern  can  be  completely 
described  by  the  mean  vector  and  the  covariance  matrix.  Given  these  parameters, 
one  can  compute  the  statistical  probability  of  a given  pixel  value  being  a member  of 
one  of  a particular  land-cover  class  (Lillesand  and  Kiefer,  1994). 

An  extension  of  the  “maximum-likelihood”  approach  is  the  Bayesian 
classifier.  This  technique  applies  two  weighting  factors  to  the  probability  estimate. 
First,  the  analyst  determines  the  “a  priori  probability,”  or  the  anticipated  likelihood 
of  occurrence,  for  each  class  in  the  given  scene.  Second,  a weight  associated  with 
the  “cost”  of  misclassification  is  applied  to  each  class.  Together,  these  factors 
minimize  the  “cost”  of  misclassifications,  resulting  in  a theoretically  optimum 
classification.  In  practice,  most  maximum-likelihood  classifications  are  performed 
assuming  equal  probability  of  occurrence  and  eost  of  misclassification  for  all 
classes.  If  suitable  data  exist  for  determining  these  factors,  the  Bayesian 
implementation  of  the  classifier  is  preferable  (Lillesand  and  Kiefer,  1994).  The 
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maximum-likelihood  classification  method  can  be  further  improved  by  providing 
the  information  on  the  probabilistic  measures  of  class  membership  of  the  pixels,  as 
opposed  to  stating  the  most  likely  class  membership  (Foody  et  ah,  1992). 

The  non-parametric  classifier  assigns  pixels  to  classes  based  on  the  pixel’s 
position  in  discretely-partitioned  feature  spaces.  The  feature  space  may  be 
partitioned  in  different  ways  called  “objects”.  The  parallelepiped  classification  is 
one  of  the  method.  With  this  classification  method,  the  decision  rule  simply 
determines  whether  a pixel  lies  inside  or  outside  a feature  space  object  (Kloer, 
1 994).  He  found  that  both  the  parametric  and  the  non-parametric  method  may  be 
integrated,  and  the  resulting  “hybrid  method”  allows  an  analyst  a greater 
visualization  and  analytical  capability  than  what  either  approach  provides 
independently.  Maselli  et  al.  (1992)  proposed  inclusion  of  prior  probabilities 
derived  from  a non-parametric  process  into  the  maximum-likelihood  classifier. 
The  parametric  maximum-likelihood  classifier  is  robust  but  lack  in  flexibility, 
whereas  the  non-parametric  classifiers  are  too  sensitive  to  distribution  anomalies 
and  critically  dependent  on  training  sample  sizes.  The  technique  is  usually  utilized 
to  merge  advantages  of  both  the  parametric  and  the  non-parametric  strategies. 

Another  non-parametric  technique  described  by  Knick  et  al.  (1997) 
hypothesizes  that  the  classification  requires  qualitative  separation  of  classes  rather 
than  the  establishment  of  a quantitative  relationship.  The  parametric  discriminant 
function  is  based  on  differences  between  class  means  in  multivariate  space. 
However,  in  the  case  of  major  vegetation  groups  and  also  many  of  the  individual 
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land  cover  classes,  large  speetral  variances  are  associated  with  means  and 
distributions  are  skewed.  The  non-parametric  discriminant  function  simply  ranks 
each  unknown  observation  with  every  observation  in  the  calibration  set  rather 
than  making  comparisons  to  class  means.  The  classification  is  thus  determined  by 
relative  position  in  multivariate  space  to  their  nearest  neighbors  in  the  calibration 
set.  A specified  radius  dictates  the  statistical  distance  for  determining  nearest 
neighbors  and  influences  the  probability  of  class  membership  (Hand,  1982).  It 
also  does  not  assume  that  vegetation  classes  are  linearly  related  to  the  spectral 
predictor  variables.  By  ranking,  unknown  observations  are  classified  at  several 
points  in  the  spectral  data  space  rather  than  being  represented  by  a single  mean 
that  collapses  the  large  spectral  variation  contained  in  the  data.  The  study  by 
Knick  et  al.  (1997)  found  80  % accuracy  in  separating  grasslands  and  shrublands. 

(b)  “Unsupervised  training”  is  more  computer-automated  and  allows  the 
analyst  to  specify  some  parameters  that  the  computer  uses  to  uncover  statistical 
patterns  inherent  to  the  data.  These  patterns  do  not  necessarily  correspond  directly 
with  meaningful  characteristics  of  the  scene,  such  as  contiguous  and  easily 
recognized  areas  of  a particular  land  cover.  They  are  simply  clusters  of  pixels  with 
similar  spectral  characteristics  (ERDAS  Field  Guide,  1995). 

(c)  “Hybrid  classification”  systems  use  elements  of  both  supervised  and 
unsupervised  analysis.  First,  the  unsupervised  clusters  are  created  and  then  the 
clusters  are  scrutinized  to  determine  if  any  of  them  can  be  identified  with  any  of  the 
land  covers.  As  appropriate,  analogue  clusters  representing  similar  land-cover  types 
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are  combined.  Training  statistics,  used  to  classify  the  image,  have  been  developed 
for  combined  classes  (Lillesand  and  Kiefer,  1994).  Jensen  et  al.  (1995)  used  this 
technique  to  detect  the  inland  wetland  change  in  the  Florida  Everglades,  while  Lo 
(1997)  used  the  technique  to  detect  the  land  use/cover  changes  of  the  Atlanta 
metropolitan  region  during  the  period  from  1973  through  1992. 

2.  The  hierarchical  systems,  such  as  the  “decision  tree”  technique,  eliminate 
competing  hypotheses  from  consideration  during  the  inference  phase  until  only  one 
hypothesis  remains.  Swain  and  Hauska  (1977)  experimented  with  the  multispectral  scanner 
image  (LANDSAT-MSS)  of  the  Kenosha  Pass,  Colorado,  and  found  the  decision  tree 
classifier  to  be  more  efficient  than  the  standard  single-stage  classifier;  however,  it  yielded 
virtually  identical  accuracy  (Swain  and  Hauska,  1977).  Friedl  and  Brodley  (1997)  tested 
several  types  of  decision  tree  classification  algorithms  including  an  univariate  decision  tree, 
a multivariate  decision  tree,  and  a hybrid  decision  tree,  and  compared  with  both  maximum 
likelihood  and  linear  discriminant  function  classifiers.  The  study  found  that  the  decision  tree 
algorithms  gave  better  classification  accuracy  than  the  maximum  likelihood  and  the  linear 
discriminant  frmction  classifiers,  and  that  the  hybrid  decision  tree  gave  the  highest 
classification  accuracy  (Friedl  and  Brodley,  1997). 

3.  The  “artificial  intelligence”  system  relies  on  a high-level  computer  process  in  that 
it  tries  to  imitate  the  human  cognitive  process  in  feature  differentiation  and  classification 
(Bolstad  and  Lillesand,  1992;  Gong  et  al.,  1992;  Argialas  and  Harlow,  1990;  Haralick  and 
Fu,  1983).  The  artificial  intelligence  technique  of  looking  at  an  image  is  called  “computer 
vision.”  Computer  vision  is  the  study  of  computational  systems  that  interpret  natural  scenes 
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and  produce  descriptions  of  a scene  from  the  digital  images  of  that  scene.  In  this  case,  the 
emphasis  is  on  the  design  and  implementation  of  effective  methods  that  represent  and 
exploit  “knowledge”  of  the  world  and  knowledge  of  how  images  are  formed.  Such 
knowledge  includes  properties  of  sensors,  geometry,  and  irradiance  relations  of  stereoscopic 
models,  laws  of  physical  optics,  and  information  about  possible  configurations  in  the  world. 
Computer  vision  grew  out  of  image  analysis,  pattern  recognition,  and  perceptual 
psychology  (Argialas  and  Harlow,  1990).  This  technique  requires  highly  sophisticated 
computer  systems  and  deals  primarily  with  the  pattern  per  se.  Since,  the  features  of  the 
earth’s  surface  are  highly  complex,  it  is  considered  out  of  scope  for  the  present  study. 

4.  Artificial  neural  networks  developed  out  of  investigations  of  human  cognition. 
Neural  networks  are  constructed  as  a set  of  nodes  connected  by  weighted,  directed  edges. 
This  structure  is  thought  to  be  a mathematical  analog  of  the  interaction  of  the  brain’s 
neurons  through  a web  of  axons  (Schalkoff,  1992).  Neural  networks  constitute  one  branch 
of  artificial  intelligence  research.  However,  unlike  more  common  expert  systems,  neural 
networks  establish  functional  relationships  between  evidence  and  conclusions  automatically 
from  examples,  without  the  need  for  constructing  extensive  and  complex  rules.  One 
disadvantage  with  this  “black  box”  approach  is  that  it  does  not  generally  facilitate  an 
understanding  of  the  relationship  between  the  input  data  and  the  output  categories  (Warner 
and  Shank,  1997).  The  neural  networks  may  be  envisaged  as  comprising  a set  of  simple 
processing  units  arranged  in  layers,  with  each  unit  in  a layer  connected  by  a weighted 
channel  to  each  unit  in  the  next  layer.  The  number  of  units  and  layers  in  the  artificial  neural 
network  are  determined  by  factors  relating,  in  part,  to  the  nature  of  the  remotely  sensed  data 


39 


and  the  desired  classification,  with  an  input  unit  for  every  discriminating  variable  and  an 
output  unit  associated  with  each  class  in  the  classification.  Typically,  the  output  from  the 
network  is  a hard  classification,  with  only  the  code  (i.e.,  nominal  value)  of  the  predicted 
class  of  membership  indicated  for  each  pixel  (Foody,  1996).  A study  by  Hepner  et  al. 
(1989)  concluded  that  neural  networks  could  map  general  land  cover  types  (such  as  water, 
land,  forest,  and  urban  at  Anderson  Level  1)  with  greater  accuracy  than  a conventional 
maximum-likelihood  classifier.  However,  Skidmore  et  al.  (1997)  tested  the  performance  of 
the  neural  network  method  in  mapping  forests  using  GIS  and  remotely  sensed  data.  The 
results  showed  that  the  neural  network  did  not  accurately  classify  GIS  and  remotely  sensed 
data  at  the  forest  type  level  (Anderson  Level  III).  Subsequently,  Bruzzone  et  al.  (1997) 
performed  land  cover  classification  of  multisource  data  of  a complex  rural  area  using  two 
approaches;  (a)  Statistical  (modified  maximum-likelihood)  and  (b)  Neural  networks.  The 
highest  Kappa  value  of  0.653  was  achieved  by  the  modified  maximum-likelihood  approach 
when  spectral,  ancillary  and  textural  data  were  used.  The  neural  networks  approach 
achieved  the  Kappa  value  of  0.765  in  the  setting,  thus  performing  comparatively  better. 
Similarly,  Peddle  et  al.  (1994)  compared  the  land  cover  classification  of  multisource  images 
using  three  approaches  (a)  Maximum-likelihood  (ML),  (b)  Evidential  Reasoning  (ER),  and 
(c)  Neural  Networks  (NN).  The  study  was  applied  to  the  alpine  environment  of  the  Yukon 
territory,  using  SPOT  imagery,  image  texture,  and  digital  elevation  model  data.  The  highest 
overall  Kappa  coefficients  of  agreement  obtained  for  land  cover  were  0.79,  0.90,  and  0.96 
for  the  ML,  the  ER,  and  the  artificial  NN  approaches  respectively.  It  was  concluded  that  the 
ML  classifier  is  best  suited  for  classifying  relatively  simple,  straight  forward  classes  with 
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single  source  data  sets.  However,  its  accuracy  decreased  with  multisource  data.  It  emerged 
that  both  the  ER  and  the  NN  classifiers  are  superior  to  the  ML  classifier  for  handling 
multisource  data;  the  ER  classifier  is  faster  than  the  NN  classifier;  however,  the  NN 
classifier  provides  higher  accuracy.  Warner  and  Shank  (1997)  evaluated  the  potential  for 
fuzzy  classification  of  multispectral  data  using  artificial  neural  networks.  Fuzzy 
classification,  or  pixel  unmixing,  is  the  estimation  of  the  proportion  of  the  cover  types  from 
the  composite  spectmm  of  a mixed  pixel.  The  study  indicates  that  the  use  of  neural 
networks  techniques  in  pixel  unmixing  yields  only  partial  success,  so  that  the  separability 
and  arrangement  of  the  classes  in  the  spectral  space  determines  the  limitation  on  this 
method.  Thus,  in  determining  the  potential  for  fuzzy  classification,  the  variance,  covariance, 
and  relative  positions  of  class  means  need  to  be  considered.  Foody  (1996)  conducted  a 
similar  study  on  the  use  of  artificial  neural  networks  towards  pixel  unmixing  and  concluded 
that  the  usual  method  of  training  the  network  with  the  representative  classes  did  not  produce 
good  results.  However,  re-scaling  the  activation  levels  to  remove  the  bias  towards  very  high 
and  low  strengths  of  class  membership  imposed  by  the  unit  activation  function,  gave  good 
results.  The  activation  function  is  a function  of  the  weighted  channels  between  units  in  the 
neural  networks.  Weight  values  are  not  set  by  the  analyst  but  determined  by  the  network 
itself  during  the  training.  The  activation  function  aims  to  encourage  the  output  from  the  unit 
towards  0 or  1 (appurtenance  to  the  given  class  or  not).  Although  this  procedure  was  useful 
in  training  the  network,  because  the  training  set  was  composed  of  pure  pixels  and  the 
network  was  attempting  to  unambiguously  learn  the  training  data,  it  provided  a distinctly 
non-linear  measure  of  the  strength  of  class  membership.  The  output  unit  activation  levels 
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could,  however,  be  re-scaled  to  remove  the  bias  towards  very  low  and  high  values  imposed 
by  the  unit  activation  function. 

The  previous  techniques,  evidential  and  hierarchical  systems,  require  relatively  less 
complex  computation,  and,  to  achieve  better  results,  a combination  of  both  approaches  is 
often  employed.  Bolstad  and  Lillesand  (1992)  derived  a user-specified  rule-based 
classification  system,  which  utilizes  flexible  integration  of  satellite  imagery  and  thematic 
spatial  data,  and  both,  evidential  and  hierarchical  inference.  The  model  was  tested  in 
northeastern  Wisconsin,  incorporating  LANDS AT-TM  data,  soil  texture  data,  and 
topographic  position  data.  Classification  accuracies  and  efficiencies  utilizing  the  developed 
system  were  then  compared  with  those  for  supervised  maximum-likelihood  classifications. 
The  classification  model  approach  resulted  in  improvements  in  classification  accuracy  when 
applied  equally  across  different  analysts,  geographic  areas,  and  years.  The  overall 
classification  accuracies  averaged  83  % using  the  model,  while  accuracies  for  the  traditional 
method  averaged  69  %.  An  improvement  of  15  % in  accuracy  is  considered  significant 
(Bolstad  and  Lillesand,  1992). 

The  lack  of  accuracy  in  classifications  has  been  a motivation  towards  trying  to 
devise  different  techniques  to  achieve  improvements.  Gong  and  Howarth  (1990b)  tried  the 
addition  of  structural  information  on  the  spectral  imagery,  by  using  an  edge  extraction 
algorithm  that  was  applied  to  create  an  edge  density  image.  The  study  reports  that  the  use  of 
the  edge  density  image  improved  overall  accuracy  from  76.6  % to  86. 1 %. 

One  quick  graphical  technique  of  evaluating  these  different  classification  methods  is 
given  by  Gong  and  Howarth  (1990c):  the  probabilities  that  a pixel  may  belong  to  a 
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particular  class  are  plotted  in  a graph.  The  order  of  the  plot  is  from  highest  to  lowest 
probabilities.  The  plotted  points  are  joined  to  give  a sloping  line.  Given  that  larger 
differences  between  the  probabilities  mean  better  classifications,  the  better  method  is  that 
which  results  in  a steeper  slope  in  the  plot  (Gong  and  Howarth,  1990c). 

Accuracy  Assessment 

Impressions  of  map  similarity  have  been  studied  by  McCarty  and  Salisbury  (1961), 
Olson  (1972),  and  Monmonier  (1975  and  1976)  using  chloropleth  maps  and  the  correlation 
coefficient  (Pearson’s  r)  as  measures  of  such  similarities.  However,  the  correlation 
coefficient  is  based  on  the  assumption  that  each  observation  in  the  map  data  is  equally 
significant  to  the  outcome.  A statistical  method,  which  accurately  measures  users’  responses 
to  map  images,  must  be  used  to  measure  the  maps  themselves,  not  Just  the  data  contained  in 
the  maps  (Carstensen,  1987). 

A different  approach  is  to  assume  that  two  observers  independently  categorize  items 
or  responses  among  the  same  set  of  nominal  categories  and  that  we  wish  to  develop  a 
measure  of  agreement  for  these  observers.  Goodman  and  Kruskal  (1954)  have  defined  this 
problem  as  one  of  measuring  the  reliability  between  two  observers  (Bishop,  Fienberg,  and 
Holland,  1975). 

An  appropriate  method  for  land-cover  classifications  using  satellite  data  is  the 
discrete  multivariate  analysis  technique.  Because  the  involved  data  are  discrete,  or  the  data 
either  fall  or  do  not  fall  into  a particular  land-cover  category  as  opposed  to  continuous  data, 
the  most  common  way  to  represent  the  accuracy  of  a LANDSAT  classification  is  through 
calculating  an  error  matrix  or  contingency  table.  An  error  matrix  is  a square  array  of 
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numbers  set  out  in  rows  and  columns  that  express  the  number  of  pixels  assigned  to  a 
particular  land-cover  type  relative  to  the  actual  land  cover,  as  verified  in  the  field  or  from 
interpreted  aerial  photographs.  The  columns  usually  represent  the  reference  data  (that  is, 
assumed  correct),  and  rows  indicate  the  computer  assigned  land-cover  category  (that  is, 
LANDSAT  data).  Several  characteristics  of  classification  performance  are  expressed  by  an 
error  matrix.  The  diagonal  numbers  represent  the  correctly  classified  pixels,  which  give  an 
overall  performance  accuracy.  All  nondiagonal  elements  of  the  matrix  represent  errors  of 
omission  or  commission.  The  overall  accuracy  is  computed  by  dividing  the  total  number  of 
correctly  classified  pixels  by  the  total  number  of  pixels.  The  accuracies  of  individual 
categories  can  be  calculated  by  dividing  the  number  of  correctly  classified  pixels  in  each 
category  by  the  total  number  of  pixels  in  the  corresponding  row  or  column.  The  producer ’s 
accuracies  are  computed  by  dividing  the  number  of  correctly  classified  pixels  in  each 
category  by  the  corresponding  column  total.  This  figure  indicates  how  well  the  pixels  of  any 
given  cover  type  are  classified  in  the  resulting  map.  The  numbers  in  columns  other  than  in 
the  diagonal,  counts  the  pixels  which  are  not  included  in  the  category,  when  in  fact  they  are. 
The  total  of  the  nondiagonal  column  numbers  divided  by  the  corresponding  column  totals 
gives  the  error  of  omission.  The  user ’s  accuracies  are  computed  by  dividing  the  number  of 
correctly  classified  pixels  in  each  category  by  the  corresponding  row  total.  This  figure 
indicates  the  probability  that  a pixel  classified  into  a given  category  actually  represents  that 
category  on  the  ground.  The  numbers  in  rows  other  than  in  the  diagonal  counts  the  pixels, 
which  are  included  in  the  category,  when  in  fact  they  are  not.  The  total  of  the  nondiagonal 
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row  numbers  divided  by  the  corresponding  row  totals  gives  the  error  of  commission 
(Lillesand  and  Kiefer,  1994). 

Until  recently,  this  measure  of  overall  performance  accuracy  was  the  limit  of  most 
accuracy  assessments.  However,  additional  statistical  techniques  are  now  being  used  to 
strengthen  classification  accuracy.  These  methods  can  be  divided  into  two  groups:  analysis 
of  variance  and  discrete  multivariate  analysis  (often  called  contingency  table  analysis). 
Analysis  of  variance  makes  use  of  only  the  diagonal  elements  in  the  error  matrix,  and 
assumes  that  the  data  be  normally  distributed.  Again,  another  assumption  of  analysis  of 
variance  is  that  the  categories  in  the  error  matrix  are  independent.  This  assumption  is  often 
not  met  in  remotely  sensed  data  because  of  the  great  confusion  between  categories.  Discrete 
multivariate  analysis,  on  the  other  hand,  does  not  assume  that  the  categories  are  independent 
nor  does  it  require  any  transformation  of  the  data.  Instead,  these  techniques  are  designed 
specifically  to  deal  with  categorical  data. 

Discrete  multivariate  analysis  also  uses  the  entire  error  matrix  and  not  just  the 
diagonal  elements.  Card  (1982)  suggested  that  the  contingency  table  analysis  is  the  most 
natural  framework  for  accuracy  assessment,  both  for  the  convenient  display  of  empirical 
results  and  for  the  ease  of  statistical  analysis.  Congalton  et  el.  (1983)  have  described  three 
different  methods  of  comparing  error  matrices  using  discrete  multivariate  analysis 
techniques.  The  first  method  allows  for  direct  comparison  of  error  matrices  through  a 
process  called  “normalization”.  The  second  method  computes  a measure  of  agreement 
between  error  matrices  that  can  be  used  to  test  if  the  matrices  are  significantly  different.  The 
third  method  allows  for  the  simultaneous  examination  of  all  factors  affecting  the 
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classification.  Since  our  interest  is  to  find  out  the  degree  of  agreement  between  our  land- 
cover  classification  and  the  true  land  cover,  the  second  method  is  more  adequate  to  our 
purposes.  In  this  method,  a measure  of  overall  agreement  is  computed  for  each  of  the 
matrices.  The  agreement  is  based  on  the  difference  between  the  actual  agreement  of  the 
classification  (that  is,  agreement  between  computer  classification  and  reference  data  as 
indicated  by  the  diagonal  elements)  and  the  chance  agreement  that  is  indicated  by  the 
product  of  the  row  and  column  marginals.  Again,  error  matrices  generated  from  several 
classification  algorithms  can  be  compared,  two  at  a time,  to  determine  which  classifications 
are  significantly  better  than  the  rest.  This  procedure  can  also  be  used  to  test  the  effects  of 
individual  factors  on  the  accuracy  of  the  classification.  However,  this  procedure  is  limited 
in  that  only  one  factor  in  the  classification  may  vary  at  a time.  For  example,  in  order  to 
determine  which  season  of  imagery  yields  the  best  results,  all  other  factors  (that  is, 
algorithm,  analyst,  LANDSAT  scene,  etc.)  must  be  held  constant.  Actually,  this  condition  is 
fairly  common  in  accuracy  assessments,  and  therefore,  the  procedure  is  quite  useful 
(Congalton  et  al.,  1983). 

One  of  the  problems  in  accuracy  analysis  is  the  gathering  of  data  points  for  adequate 
sample  size.  Many  researchers,  notably  Congalton  (1988  and  1991),  Rosenfield  (1982),  and 
Jensen  (1996)  have  written  guidelines.  The  sample  size  needed  for  higher  degree  of 
confidence  is  quite  large;  especially  if  the  number  of  categories  or  classes  is  large.  Again,  if 
an  error  matrix  or  confusion  matrix  is  required,  then  the  sample  size  needed  becomes  even 
more  large.  Otherwise,  all  matrix  cells  would  not  be  properly  represented  and  the  confusion 
between  categories  will  not  be  properly  documented.  Fitzpatrick-Lins  (1981)  used  the 
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normal  approximation  equation  to  compute  the  sample  size  for  assessing  a land  use/land 
cover  map  of  Tampa,  Florida.  The  results  of  the  computation  showed  that  319  samples 
needed  to  be  considered  for  a classification  with  an  expected  accuracy  of  85  % and  an 
allowable  error  of  4 %.  A good  rule  of  thumb  seems  to  be  collecting  a minimum  of  50 
samples  for  each  category  (Congalton,  1991).  However,  there  exists  the  practical  problem 
of  collecting  data.  The  observer’s  recognition  of  the  ground  truth  or  examination  of  the 
reference  data  points  is  very  time  consuming.  Some  image  processing  softwares  are 
inadequate  to  generate  random  points  and  process  large  sample  size.  The  problem  becomes 
unmanageable  if  the  accuracy  analysis  needs  to  be  done  iteratively. 

Fuzzy  Sets  Approach  to  Data  Representation 

One  of  the  problems  in  land-cover  classification  is  the  assumption  that  the  land 
cover  is  a discrete  reality  when  actually  a patch  of  landscape  may  have  a continuously 
varying  mix  of  vegetation.  Thus,  conventional  image  classification  routines  are  often 
inappropriate  for  the  mapping  of  continuous  phenomena,  such  as  heathland  vegetation.  To 
allow  for  the  natural  fuzziness  of  such  environments.  Foody  (1992)  proposed  a fuzzy  sets 
approach  to  the  representation  of  vegetation  continuum.  In  this  method,  instead  of 
outputting  a conventional  classification  in  which  one  class  code  is  associated  with  each 
pixel,  the  degree  of  membership  for  a given  pixel  to  be  included  in  each  class  can  be  output. 
This  degree  of  membership  can  be  algebraically  expressed  in  the  form  of  ‘Fuzzy  set’.  The 
assumption  underlying  fuzzy  set  theory  is  that  the  transition  from  membership  to 
nonmembership  is  seldom  a change  in  step  function.  There  is  rather  a gradual  but 
specifiable  changes  from  membership  to  nonmembership  function.  In  classical  set  theory,  a 
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membership  function  has  only  two  values  0 or  1,  i.e.  either  it  is  or  it  is  not  a member.  In 
fuzzy  set,  it  is  characterized  hy  a membership  function  (Gopal  and  Woodcock,  1994).  Such 
a way  of  mapping  the  fiizzy  membership  functions  enables  therefore  a more  realistic 
portrayal  of  the  land  cover  than  the  conventional  classifications.  The  problem  of  mixed 
pixels  can  be  solved  to  a large  extent  by  using  image  with  higher  spatial  resolution,  since  it 
would  help  discern  smaller  objects.  However,  it  does  not  always  solve  the  problem.  There 
are  typically  optimal  scales  of  observations  (Woodcock  and  Strahler,  1987).  Therefore,  a 
finer  spatial  resolution  may  change  the  nature  of  the  classes  that  are  mixed,  rather  than 
reduce  the  problem  of  mixed  pixels.  Sometimes  it  may  actually  be  desirable  to  produce  a 
fuzzy  classification.  For  example,  to  remotely  sense  a forest  community  response  to  an 
environmental  gradient,  it  may  be  necessary  to  quantify  a subtle  change  in  the  ratio  of 
certain  species,  rather  than  to  map  changes  from  one  pure  class  to  another  (Warner  et  al., 
1994).  The  rigidity  in  the  information  representation  of  the  classical  image  classification 
method  results  in  losses  of  spectral  information.  Wang  (1990)  used  the  fuzzy  sets  for 
information  representation  throughout  the  entire  process  of  image  classification  and  found 
that  the  spectral  information  loss  was  largely  reduced.  Fisher  and  Pathirana  (1990)  applied 
the  fuzzy  membership  method  in  the  classification  of  the  suburban  area  with  mixed  success. 
Canters  (1997)  employed  the  fuzzy  or  the  membership  function  in  the  land  cover 
classification  process  to  have  a better  hold  on  the  uncertainty  in  area  estimate  with  partial 
success.  Zhu  (1997)  investigated  the  two  kinds  of  uncertainty  associated  with  assigning  a 
geographical  entity  to  a class  in  the  classification  process.  The  first  is  related  to  the  fuzzy 
belonging  of  the  entity  to  the  prescribed  set  of  classes  and  the  second  is  associated  with  the 
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deviation  of  the  entity  from  the  class  prototype  class  to  which  the  entity  is  assigned.  Zhu 
proposed  a model  named  ‘Similarity  model’  to  represent  both  uncertainties,  in  which  a 
similarity  vector  represents  the  degree  of  similarity  between  the  local  entity  and  the 
different  prescribed  classes,  as  opposed  to  the  usual  fuzzy  representations  where  the  vector 
represents  the  probability  of  prescribed  class  to  occur  in  the  entity.  Zhu  tested  the  similarity 
model  and  concluded  that  the  usefulness  of  the  model  depends  on  the  quality  of  the 
membership  values  in  the  similarity  vectors  or  on  how  well  the  membership  values 
approximate  the  reality  (Zhu,  1997).  Foody  (1999)  argued  that  fuzzy  classifier  is 
comparatively  better  than  crisp  classifier  in  thematic  mapping  using  remotely  sensed  data. 
However,  fuzzy  classifiers  are  only  a partial  solution  to  the  mixed  pixel  problem  as  they  do 
not  accommodate  fuzziness  throughout  the  classification  process.  Foody  proposed  a 
continuum  of  classification  fuzziness,  which  provide  flexibility  in  application  of  the  fuzzy 
techniques  (Foody,  1999). 

However,  the  fuzzy  sets  method  entails  certain  practical  problems.  The  unmixing  of 
the  pixel  value  to  its  constituent  parts  is  not  easy  to  achieve.  It  also  requires  large  data 
storage  and  eomputational  facility.  In  many  cases,  a final  worked  out  discrete  or  crisp 
classified  image  is  required  by  the  user. 

The  Problem  of  Dimensionality 

It  is  usually  believed  that  to  attain  better  class  discriminations  it  is  advisable  to  have 
more  features  or  bands.  Each  feature,  or  band,  may  not  provide  independent  information, 
but  can  be  useful  for  at  least  some  discrimination.  If  the  features,  or  the  bands,  are 
statistically  independent,  then  each  new  additional  feature  should  contribute  to  reach  better 
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discrimination.  There  are  some  theoretical  insights  that  suggest  the  possibility  of  better 
performance,  not  worse,  with  each  addition  of  new  features,  provided  the  features  are 
statistically  independent.  Consider  the  “Mahalanobis  Distance  - r”,  a statistical  measure 
denoting  the  distance  between  two  classes.  The  higher  the  value  of  “r,”  the  higher  the 
discrimination  degree  or  the  lower  the  probability  of  classification  error.  In  the  case  of 
features  or  bands  being  statistically  independent,  the  “Mahalanobis  distance”  is  given  by  the 
following  equation: 


where 

r = Mahalanobis  distance; 

/i;,  = mean  of  class  1 measured  in  band  i; 

/^2  = mean  of  class  2 measured  in  band  i; 

Gj  = standard  deviation  of  band  i;  and 
d = number  of  bands  or  features. 

This  equation  illustrates  how  each  feature  contributes  to  reduce  the  probability  of 
error.  The  most  useful  features  are  those  for  which  the  difference  between  the  means  is 
larger  relative  to  the  standard  deviations.  However,  each  of  the  features  is  useful  as  long  as 
their  means  for  the  two  classes  differ.  An  obvious  procedure  to  further  reduce  the  error  rate 
is  to  introduce  new,  independent,  features.  Each  new  feature  needs  not  add  much,  but  if  “r” 
can  be  increased  without  limit,  the  probability  of  error  can  be  rendered  arbitrarily  small. 


d 


(1) 
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In  general,  if  the  performance  obtained  with  a given  set  of  features  is  inadequate, 
one  considers  adding  new  features,  particularly  those  that  will  help  in  separating  the  class 
pairs  that  are  most  confusing.  Although  enlarging  the  number  of  features  increases  the 
cost  and  complexity  of  both  the  feature  extractor  and  the  classifier,  performance  can  be 
expected  to  improve.  After  all,  if  the  probabilistic  structure  of  the  problem  is  completely 
known,  the  Bayesian  risk  could  not  possibly  be  increased  by  adding  new  features.  At 
worst,  the  Bayesian  classifier  ignores  the  new  features,  and  if  the  new  features  provide 
any  additional  information,  the  performance  correspondingly  must  improve. 

Unfortunately,  in  practice,  it  has  been  frequently  observed  that  beyond  a certain 
point  the  addition  of  new  information  leads  to  worse  rather  than  to  better  performance.  This 
paradox  presents  a genuine  and  serious  problem  for  classifier  designs.  Simple  cases  wdth  a 
small  number  of  bands  do  not  exhibit  this  behavior.  However,  realistic  cases  with  a large 
number  of  bands  are  compounded  by  this  problem  and  are  difficult  to  analyze.  There  are  a 
number  of  issues  related  to  the  problem  of  dimensionality,  chief  among  them  being  the 
sample  size  and  the  assumption  of  independence  of  features  (Duda  and  Hart,  1973). 

This  issue  of  dimensionality  is  raised  here  because  of  this  research’s  finding  that  the 
use  of  large  number  of  bands  actually  leads  to  decreased  classification  accuracy.  In  other 
words,  simple  compilation  of  a large  number  of  bands,  especially  spurious  texture  bands, 
may  not  contribute  to  raise  the  accuracy.  Even  though  the  sample  size  is  quite  large, 
evidently  it  is  not  enough  to  compensate  for  the  inadequacy  of  information  in  the  added 
features  towards  land  cover  recognition.  Redundant  bands  not  only  occupy  data  space  and 
slow  down  the  computation  process,  but  they  actually  lessen  the  accuracy.  How  many 
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bands  and  which  bands  may  be  used  depends  upon  the  specific  case.  In  general,  only  bands 
with  good  information  to  identify  the  land  covers  may  be  used.  Again,  as  the  number  of 
bands  being  used  increases,  discriminating  potential  increases  only  to  a point  and  then,  it 
decreases.  Thus,  it  becomes  necessary  to  run  a number  of  iterations  to  determine  the 
optimum  band  combination  for  each  case. 


CHAPTER  3 
STUDY  AREA 


The  office  of  the  Southwest  Florida  Water  Management  District  (SWFWMD) 
provided  the  satellite  imagery  for  this  research.  Three  criteria  determined  the  selection  of 
the  test  site:  (1)  availability  of  the  data;  (2)  occurrences  of  diverse  land  covers  at  level  II 
(FLUCCS);  and  (3)  the  proximity  of  the  sites.  In  the  two  sites  that  were  chosen  a total  of 
level  II  (FLUCCS)  35  land  covers  are  represented,  according  to  the  SWFWMD  (Figure  3- 
1).  The  Institute  of  Food  and  Agricultural  Sciences  at  the  University  of  Florida  provided  the 
aerial  photographs  of  one  of  the  sites. 

The  two  SWFWMD  sites  shown  in  Figure  3-2  chosen  for  the  study  are  15  x 15 
minute  in  size  and  extend  over  Hillsborough  County.  The  eastern  area  includes  some 
segments  of  Polk  County  and  the  western  area  comprises  Pasco  and  Pinellas  counties. 

Eastern  Site.  This  area  is  located  some  40  kilometers  ENE  of  Tampa.  It  is  covered 
by  the  quadrangle  sheets  “Plant  City  W,”  “Plant  City,”  “Dover,”  and  “Nichols”  (USGS, 

1 :24,000).  The  coordinate  of  the  center  of  the  area  is  latitude  28°  0’  0”  N and  longitude 
82°  7‘  30”  W. 

Western  Site.  This  area  is  located  some  24  kilometers  NNW  of  Tampa.  It  is 
covered  by  the  quadrangle  sheets  “Elfers,”  “Odessa,”  “Oldsmar,”  and  “Citrus  Park”.  The 
coordinate  of  the  center  of  the  area  is  latitude  28°  7’  30”  N and  longitude  82°  37’  30”  W. 
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FIGURE  3-1 : Topographic  Map 

Location:  Tampa,  Florida.  Scale  - 1 : 667,000 

Projection:  Universal  Mercator.  30084-D3-ST-500. 

Contour  interval  - 50  Feet,  Bathymetric  interval  - 10  meters. 
Department  of  Interior,  USGS,  1989. 
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Figure  3-2  : Location  of  the  two  study  areas. 
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The  topography  is  flat  and  the  whole  area  is  covered  by  subtropical  vegetation, 
wetlands,  crop  areas,  including  citrus  groves.  The  temperature  ranges  from  28°  C in 
summer  (July  - August)  to  16°  C in  winter  (January),  with  an  annual  average  of  about  25° 
C.  The  mean  annual  rainfall  is  125  cm,  but  extremes  of  210  cm  have  been  reached  in 
July,  while  in  November  only  50  cm  may  be  recorded.  (Head  and  Marcus,  1987).  While 
winters  are  comparatively  cloud-free,  the  summer  months  are  characterized  by  large 
thunder-clouds  covering  the  sky  by  mid-day.  Monthly  sunshine  in  this  area  approaches 
220  hours  in  January,  and  250  hours  in  July.  Similarly,  the  average  percentage  of  total 
possible  sunshine  is  62%  in  January  and  62.5%  in  July  (Femald  and  Purdum,  1992).  The 
images  utilized  in  this  project  are  cloud  free. 

Physiography 

The  gently  rolling  terrain  of  the  eastern  area  is  part  of  the  Polk  upland  (Central 
Highlands)  and  ranges  between  30  meters  and  50  meters.  The  upland  is  bounded  on  the 
west  by  a western-facing  scarp  (the  ancient  Wicomico  shoreline)  that  slopes  downward  to 
the  DeSoto  plain  (Campbell,  1984).  The  Bone  Valley  Member  of  the  Peace  River 
Formation  underlies  most  of  the  Polk  upland.  Its  silicic  clastic  composition  has  contributed 
to  the  gentle  topography  of  the  area.  In  most  of  the  Polk  upland,  the  effects  of  the 
hydrogeological  solution  are  not  as  intense  as  they  are  throughout  peninsular  Florida.  But, 
there  is  a greater  effect  of  surface  streams.  The  Alafia  and  the  Little  Manatee  River  and  their 
tributaries  drain  the  area.  Topographic  dissection  in  the  Polk  upland  generally  amounts  to 
about  15  meters  (White,  1970).  The  presence  of  clayey  material  in  the  Bone  Valley  makes 
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karst  features  less  conspicuous  in  the  Polk  upland,  still  there  are  scattered  sinkholes  in  the 
Brandon  area. 

Physiographically,  the  western  area  is  part  of  the  Gulf  is  coastal  lowlands  with 
Pleistocene-age  terraces  and  associated  dune  fields.  The  terrace  deposits  were  developed  on 
a clayey  residuum  of  the  Hawthorn  Group,  or  in  certain  locations,  directly  on  limestones  of 
the  Tampa  Member  of  the  Arcadia  Formation.  The  general  area  is  low  in  elevation,  poorly 
drained,  and  swampy.  To  the  north  the  Pithlachascotee  and  Anclote  rivers  drain  it.  The 
southern  segment  is  riddled  with  sinkholes  due  to  the  absence  or  thinning  of  the  clayey 
residuum  of  the  Hawthorn  Group.  Many  of  the  sinkhole  lakes  that  occur  are  in  contact  with 
the  Tampa  Limestone,  which  results  in  their  water  levels  fluctuating  in  response  to  the 
potentiometric  surface  of  the  Floridan  Aquifer  (Campbell,  1984). 

Geology  of  the  Area 

Most  of  the  substratum  consists  of  sedimentary  rocks  largely  deposited  in  a warm 
shallow  sea  during  the  Tertiary.  The  stratigraphy  and  a brief  lithological  description  of  the 
area  is  given  below  Table  3-1,  while  the  surface  geology  of  the  area  is  shown  in  Figure  3-3. 


(Femald  and  Purdum,  1992). 
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Table  3-1:  Stratigraphy  of  the  Tertiary  Period, 


SERIES 

FORMATION  & MEMBER 

DESCRIPTION 

Pliocene 

Cypresshead  Formation 

Marine  sand;  clay  and  gravel  in 
peninsula. 

Miocene 

Hawthorne  Group 

Marine  sand,  clay,  marls,  and 
sandy  limestones;  contains 
commercial  grade  attapulgite  (or 
Fuller’s  earth)  and  economically 
important  phosphate  deposits. 

Miocene 

Bone  Valley  Member 
Peace  River  Formation 
Hawthorne  Group 

Phosphatic  boulders  and  pebbles 
in  matrix  of  phosphatic  sandy 
clay;  source  of  Florida’s 
phosphate  deposite. 

Miocene 

Tampa  Member 

Arcadia  Formation 

Hawthorne  Group 

Sandy  limestones  with  minor 
phosphate. 

Oligocene 

Suwannee  Limestone 

Fossiferous  marine  limestone. 
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Scale  - 1 : 770,000 

Figure  3-3  : Main  geological  formations. 

Legend  : 

A:  Cypresshead  Formation  - Pliocene 
B:  Hawthorn  Group  - Miocene 
C;  Bone  Valley  Member,  Peace  River  Formation,  Hawthorn  Group  - Miocene 
D;  Tampa  Member,  Arcadia  Formation,  Hawthorn  Group  - Miocene 
E:  Suwannee  Limestone  - Oligocene 
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Soils 

The  project  area  comprises  the  following  three  soil  types  (Figure  3-4)  classified 
according  to  the  U.S.  Department  of  Agriculture  Soil  Map  (Femald  and  Purdum,  1992). 

Type  A : Mostly  Entisols.  Dominated  by  nearly  level  to  sloping,  excessively  drained, 
thick  sands.  Primarily  used  for  field  crops,  tobacco,  watermelons,  forest  products, 
and  citrus.  Very  good  for  homesites  and  urban  development. 

Type  B:  Mostly  Spodosols.  Dominated  by  nearly  level,  somewhat  poorly  to  poorly 
drained  sandy  soils  with  dark  sandy  subsoil  layers.  Primarily  used  for  pastures, 
vegetables,  flowers,  forest  products,  and  citrus.  Good  to  poor  for  homesites  and 
urban  development. 

Type  C:  Mostly  beaches,  dunes,  tidal  marshes,  and  tidal  swamps.  Dominated  by 
nearly  level  to  sloping  sandy  beaches  and  adjacent  sand  dunes;  also  level,  very 
poorly  drained  coastal  marshes  and  swamps  of  variable-textured  mineral  and 
organic  soils  subject  to  frequent  tidal  flooding.  Primarily  used  for  recreation  and 
wildlife.  Highly  variable  for  home  sites  and  urban  development. 


Vegetation 

The  “Vegetation  Types  of  Florida”  (Davis,  1967)  describes  very  well  the  general 
vegetation  distribution  and  its  relation  to  the  physical  conditions  and  cultural  influences 
of  the  study  area.  Davis  reports  a total  of  13  vegetation  formations  for  Florida  (Figure  3- 
5),  four  of  which  occur  within  the  project  area.  His  work,  however,  is  suited  primarily  for 
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Scale  : i : 770,000 

Figure  3-4  ; Principal  soils  in  the  study  areas. 

Legend  : 

A:  Mostly  Spodosols  B:  Mostly  Entisols 

C:  Miscellaneous  Coastal  Land  D:  Mostly  Alfisols  and  Ultisols 
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Scale  - 1 : 770.000 

Figure  3-5  : Vegetal  formations. 

Legend  ; 

A:  Swamp  Forest  B:  Mangrove  Swamps  & Salt  Marshes 

C:  Hardwood  Forest  D:  Hardwood  and  Pine  Forest 

E;  Flatwoods 
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describing  the  vegetation,  which  is  but  one  of  the  components  of  land  cover 
classification,  which  is  described  below  in  the  Florida  Land  Use  and  Cover  Classification 
System  section. 

The  Flatwoods.  The  elevations  of  the  Flatwoods  rise  rarely,  as  the  name  suggests, 
above  100  feet.  Drainage  is  usually  poor  due  to  a high  water  table.  In  most  sections, 
Spodosols  overlie  non-calcareous  materials,  while  peats  and  mucks  are  found  in  lower 
areas  and  depressions.  The  latter  are  dotted  with  ponds  and  swamps,  which  support  bald 
cypress,  water  tupelo,  red  maple,  water  hickory,  and  cabbage  palm.  Scattered  throughout 
the  Flatwoods  are  hammocks.  Longleaf,  slash,  and  pond  pines  are  the  dominant  tree 
species  in  the  Flatwoods.  Longleaf  pine  occurs  on  drier  soil,  while  the  more  poorly 
drained  soils  support  slash  pine  and,  in  some  areas,  pond  pine.  The  density  of  the  forest 
cover  varies  depending  upon  the  frequency  of  forest  fires  and  the  type  of  logging 
activities  conducted.  Pine  trees  need  abundant  sunlight  and  do  not  grow  well  under  a 
canopy  of  taller  trees.  Likewise,  the  thickness  of  the  undergrowth  varies  with  the  density 
of  the  forest  cover. 

Upland  Pine  and  Scrub  Oak  Open  Forests  develop  over  Entisols,  which  consist  of 
excessively  to  moderately  well-drained  sands.  Originally,  the  soils  of  the  area  supported 
open  forests  of  longleaf  pine  with  the  driest  sections  of  the  upland  containing  blackjack 
and  turkey  oaks.  After  the  longleaf  pines  were  logged,  turkey  oaks  and  black  jack  oaks 
increased  in  number  and  size  until  numerous  areas  today  look  like  scrub  oak  forests.  In 
many  sections,  trees  have  been  completely  removed,  and  the  land  has  been  planted  with 
citrus  since  the  soil  is  well-drained  and  the  rolling  topography  provides  the  air  drainage 
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that  is  necessary  during  cold  spells.  Scattered  throughout  the  region  are  shallow  ponds 
and  sinks.  The  undergrowth  found  in  the  longleaf  pine  and  turkey  oak  forests  is  not  as 
dense  as  that  found  in  the  Flatwoods.  Saw  palmetto  is  less  common  than  it  is  among  the 
pines  of  the  Flatwoods.  Wiregrass  grows  well,  as  do  myrtle  and  rosemary,  particularly  on 
the  poorest  soils. 

The  Swamp  Forests.  Most  of  the  swamp  forests  are  located  adjacent  to  streams 
and  are  covered  with  water  for  part  of  the  year.  The  characteristic  trees  along  the  creeks, 
rivers,  or  sloughs  are  red  maple,  water  oak,  laurel  oak,  Florida  ash,  bald  cypress,  wax 
myrtle,  sweet  bay,  red  bay,  cabbage  palm,  and  strangler  fig. 

Grasslands  and  Tree  Islands.  The  areas  classified  as  grasslands  and  tree  island 
regions  are  flooded  during  summer  and  mostly  covered  by  grasses.  Aquatic  plants  populate 
the  pools  and  deeper  water  bodies.  These  areas  differ  from  marshes  in  that  the  water  is 
usually  shallower  and  recedes  during  part  of  the  year.  The  cover  also  comprises  of  swamp 
areas  containing  trees,  switch  grasses  and  cabbage  palms  usually  in  the  form  of  islands 
(Flead  and  Marcus,  1987). 

Human  Occupancy 

A fairly  large  population  with  diverse  cultural  heritage  inhabits  the  study  area. 
Citrus,  vegetables,  nursery  products,  livestock,  and  dairy  products  are  commercially 
produced.  The  area  is  also  known  for  its  phosphate  mining,  commercial  fishing,  and  lumber 
and  pulp  products.  Tampa  Bay  is  a natural  harbor,  which  has  led  to  the  development  of 
trade,  tourism,  and  recreation  (Femald  and  Purdum,  1992).  The  total  population  of 
Hillsborough  county,  according  to  the  census  of  1990,  was  834,054.  Most  people  live  in  the 
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urban  areas  and  the  population  density  is  high  306  people  per  square  kilometer,  as 
compared  to  the  US  average  of  66  people  per  square  kilometer.  According  to  the  FLUCCS 
level-I  code  (Table  3-2),  the  largest  land  cover  in  the  eastern  area  is  agriculture  (42.98  %), 
followed  by  urban  and  built  up  (28.71  %),  and  wetland  (13.98  %).  In  the  western  area,  the 
largest  land  cover  is  urban  and  built  up  (36.72  %),  followed  by  wetland  (21.20  %),  and 
agriculture  (18.25  %).  In  both  cases,  the  subtotal  of  the  agriculture  and  the  urban/built  up 
classes  takes  up  more  than  half  of  the  area. 

For  a geographer,  land  or  environment  as  a purely  physical  entity  is  of  little  interest. 
Geography,  by  definition,  is  the  discipline  that  deals  with  the  interaction  between  humans 
and  the  environment.  Therefore  the  geographer  understands  land  cover  as  it  relates  to 
human  activities;  and  human  perception  is  an  integral  part  of  the  land  cover  classification. 
The  issue  of  land  cover  classes  of  the  area  is  discussed  in  the  next  section. 

Florida  Land  Use  and  Cover  Classification  System  (FLUCCS) 

An  administrative  land-cover  classification  depends  on  human  perception  and  use  of 
the  land.  Thus,  different  users  may  come  up  with  different  classification  systems.  As 
mentioned  before,  in  1973,  a committee  was  created  to  organize  a uniform  land-cover 
classification  system  for  the  State  of  Florida.  The  mission  of  the  committee,  which 
represented  eight  state  agencies,  was  to  improve  land  resources  data  coordination  among  the 
various  state  agencies  by  reducing  duplication  of  effort  and  increasing  the  value  of  data  by 
having  it  serve  multiple  purposes.  The  committee’s  objective  was  to  establish  a uniform 
land  classification  system  that  would  satisfy  a wide  variety  of  users.  It  was  determined  that 
the  system  must  be  compatible  with  classification  activities  at  the  national  level  while 
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Table  3-2:  Florida  Land  Use  and  Cover  Classiflcation  System  (FLUCCS)  - Level  II. 

Occurrences  of  the  land  cover  classes  in  acres  and  percentages. 


— East  Area 

— West  Area 

— 

Acres 

% 

Acres 

100  URBAN  AND  BUILT  UP 

1 10  Residential  low  density 

72677861 

10.66 

30510751 

4. 

(<  2 Dwelling  units  per  acre) 

120  Residential  medium  density  (2-5) 

41610869 

6.10 

39015920 

5. 

130  Residential  high  density  (>5) 

7609311 

1.12 

101912378 

14. 

140  Commercial  and  services 

8482338 

1.24 

18530853 

2. 

150  Industrial 

8589919 

1.26 

6212749 

0. 

160  Extractive 

38985137 

5.72 

1598434 

0. 

170  Institutional 

1985110 

0.29 

5887253 

0. 

180  Recreational 

5990813 

0.88 

16582133 

2. 

190  Open  land 

9848135 

1.44 

30094011 

4. 

200  AGRICULTURE 

210  Cropland  and  pastureland 

226192448 

33.18 

93247285 

13. 

220  Tree  crops 

44225140 

6.49 

7995082 

1. 

230  Feeding  operations 

3425095 

0.50 

79858 

0. 

240  Nurseries  and  vineyards 

5460873 

0.80 

1695963 

0. 

250  Specialty  farms 

2350478 

0.34 

2571896 

0. 

260  Other  open  lands  <rural> 

11383038 

1.67 

18501701 

2. 

300  RANGELAND 

310  Herbaceous 

1033197 

0.15 

10775 

0. 

320  Shrub  and  brushland 

16710466 

2.45 

23961885 

3. 

330  Mixed  rangeland 

140141 

0.02 

1422524 

0. 

400  UPLAND  FORESTS 

410  Upland  coniferous  forest 

9978485 

1.46 

59755713 

8. 

420  Upland  hardwood  forests  - part  1 

816661 

0.12 

474823 

0. 

430  Upland  hardwood  forests  - part  2 

43502623 

6.38 

14597718 

2. 

440  Tree  plantations 


_% 

1.48 

i.73 

1.98 

>.72 

).91 

).23 

).87 

>.44 

1.42 

i.71 

1.18 

).01 

).25 

).38 

>.72 

).00 

1.52 

).21 

1.78 

).07 

>.15 
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Table  3-2:  Continued. 


— East  Area  — 

— West  Area 

— 

Acres 

% 

Acres 

% 

500  WATER 

5 1 0 Streams  and  waterways 

6183 

0.00 

935512 

0.14 

520  Lakes 

611026 

0.09 

21814021 

3.21 

530  Reservoirs 

10500352 

1.54 

13348893 

1.96 

540  Bays  and  estuaries 
550  Major  springs 
560  Slough  waters 

11135628 

1.64 

600  WETLANDS 

610  Wetland  hardwood  forests 

52733030 

7.74 

47009729 

6.91 

620  Wetland  coniferous  forests 

7714144 

1.13 

52370429 

7.70 

630  Wetland  forested  mixed 

5090350 

0.75 

19054863 

2.80 

640  Vegetated  non-forested  wetlands 

29631019 

4.35 

20817185 

3.06 

650  Non-vegetated 

27046 

0.00 

4982969 

0.73 

700  BARREN  LAND 

710  Beaches  other  than  swimming  beaches 
720  Sand  other  than  beaches 
730  Exposed  rock 
740  Disturbed  land 

3356069 

0.49 

687299 

0.10 

800  TRANSPORTATION,  COMMUNICATION  AND  UTILITIES 

AND  UTILITIES 

810  Transportation 

10093823 

1.48 

4571706 

0.67 

820  Communications 

35405 

0.01 

163508 

0.02 

830  Utilities 

827343 

0.12 

8228738 

1.21 

900  SPECIAL  CLASSIFICATION 

910  Specific  given  class 

590124 

0.09 

67 


permitting  flexibility  for  regional  and  state  agencies.  After  a general  evaluation  of  the 
classification  systems  in  use  at  the  time,  it  was  agreed  that  the  U.S.  Geological  Survey 
report,  A Land-Use  Classification  For  Use  With  Remote-Sensor  Data  (USGS  Circular  671), 
would  be  the  basis  for  the  committee’s  work.  A system  was  designed  primarily  to  meet  the 
needs  of  state  agencies,  local  governments,  and  private  enterprises.  It  is  also  user-flexible  in 
that  it  allows  modification  of  the  classifications  to  meet  individual  needs  without  seriously 
impairing  the  exchange  of  data.  The  result  of  the  committee’s  work  was  the  publication  of 
Florida  Land  Use  and  Cover  Classification  System  (FLUCCS)  in  1976.  (Florida 
Department  of  Transportation,  1985). 

In  1995,  the  State  of  Florida  compiled  the  land-cover  information  of  Florida  into  a 
digitized  GIS  land-eover  vector  map  in  which  most  of  the  land-cover  information  was 
gathered  using  aerial  photographs.  The  Level  II  land-cover  classification  and  its 
breakdown,  in  terms  of  acres  and  percentages  in  the  project  areas,  are  presented  in  Table 
3-2.  An  example  of  the  digitized  land-cover  distribution  is  given  in  Figure  3-6  for  a 
section  of  the  area,  and  an  example  of  aerial  photograph  is  given  in  Figure  3-7. 


nsi 
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Scale-  a;  22,500 


Figure  3-6  : A digitized  land  cover  map. 

Refer  to  Table  3-2  for  the  legend.  Figure  3-2  for  the  location,  and 
Figure  3-7  for  the  aerial  photograph  which  is  the  base  for  the  land 
cover  designations. 
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FIGURE  3-7:  An  Aerial  Photograph 

Location:  East  of  Tampa,  Florida 
Scale  - 1 : 52,500 


CHAPTER  4 
METHODOLOGY 

Introduction 

This  research  uses  currently  available  data  and  computing  technology.  The  basic 
source  of  data  is  satellite-sensed  imagery.  To  improve  the  spatial  and  spectral  resolution  of 
the  images,  LANDSAT  and  SPOT  images  are  merged.  The  merging  technique,  which  best 
retains  the  original  spectral  values,  is  used.  To  achieve  better  identification  of  the  land 
covers  both,  spectral  and  texture  values,  are  used.  The  texture  values  are  measured  using  the 
spectral  values  of  the  images.  A number  of  texture  measures  are  available.  However,  only  a 
few  of  the  measures,  which  were  proven  to  be  useful  toward  the  land-cover  recognition,  are 
used.  A number  of  classification  techniques  are  applied  to  obtain  the  best  accuracy  of  land- 
cover  recognition.  Finally,  to  measure  the  accuracy  of  the  result  with  due  provision  for  the 
chance  agreement,  the  statistical  technique  of  the  Kappa-coefficient  of  agreement  is  used. 
These  techniques,  or  the  methodology,  are  described  as  follows. 

Digital  Merging  of  Satellite  Images 

Price’s  (1987)  method  is  used  to  merge  the  images  with  different  spatial  resolutions 
to  retain  the  original  spectral  values  as  best  as  possible.  The  calculation  is  conducted  by  a 
program  written  in  the  FORTRAN  computer  language,  which  uses  the  raw  digital  numbers 
of  the  images  as  its  database.  The  program  is  listed  in  Appendix  A. 
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Price  (1987)  proposed  a two-stage  merger,  whieh  consists  of  one  stage  for 
enhancing  the  multispectral  bands  that  are  strongly  correlated  with  the  high-resolution 
panchromatic  image,  and  a second  stage  for  weakly  correlated  multispectral  bands. 

Stage  1 of  Price’s  method  proceeds  under  the  assumption  that,  because  the 
multispectral  bands  exhibit  a strong  correlation  with  a panchromatic  data  set,  the 
relationship  between  the  digital  number  (DN)  can  be  described  as  linear.  The  relationship 
proposed  is  as  follows: 

(2)  XSi  = a,xPAN,,,  + bi 

Where  XS,  is  the  DN  of  a superpixel  (the  area  comprised  of  one  low-resolution 
multispectral  pixel)  in  the  ith  multispectral  band,  PAN,^,  is  the  average  DN  in  the 
corresponding  superpixel  in  the  high-resolution  panchromatic  image,  and  aj  and  b^  are  least- 
squares  regression  coefficients  for  the  ith  multispectral  band.  After  solving  for  a;  and  bj,  a 
high-resolution  hybrid  multispectral  estimate  image  can  be  formed  as 

(3)  XS(  = a,.  X PANhr  + bi 
and 

(4)  Hybrid,  =XSixXS'/XS'(3,g,i) 

for  the  ith  multispectral  band.  In  equations  3 and  4,  Hybrid,  is  the  DN  in  the  ith  high- 
resolution  hybrid  multispectral  band,  XS,'  is  the  high-resolution  estimate  of  the  ith  XS  band, 
and  XS(a^g  j)  is  the  average  of  the  DN  in  the  XS,  image  in  the  corresponding  XS,  superpixel. 
Thus,  in  this  method,  an  estimate  of  a multispectral  band  instead  of  the  panchromatic  data  is 
used  directly  for  the  merging  operation.  In  this  way,  the  resulting  hybrid  image  has  a 
superpixel  average  DN  that  is  the  same  as  the  original  multispectral  band,  but  that  does  not 
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require  the  sum  of  the  hybrid  DNs  within  the  superpixel  to  equal  the  original  multispectral 
value. 

Stage  2 of  Price’s  procedure  for  weakly  correlated  bands  assumes  that  the 
relationship  between  the  low-resolution  multispectral  bands  and  the  high-resolution 
panchromatic  image  cannot  be  considered  linear.  A look-up  table  is  computed  as  shown  in 
Table  4-1.  Here,  all  pixels  in  the  high-resolution  panchromatic  image  that  fall  within  a 
defined  superpixel  are  averaged,  and  a new  image  is  formed  at  the  same  resolution  as  the 
low-resolution  multispectral  image.  Mean  values  of  the  DNs  in  the  weakly  correlated 
multispectral  bands  that  fall  in  the  same  locations  as  the  individual  values  in  the  averaged 
panchromatic  image  are  computed  (that  is,  wherever  there  is  a DN  of  1 in  the  averaged 
panchromatic  image,  compute  the  average  values  of  all  the  corresponding  multispectral 
DNs)  as  illustrated  below.  The  mean  of  the  low  resolution  multispectral  DN  values  is 
computed  by  taking  the  entire  image.  These  data  form  a look-up  table  that  can  be  used  to 
form  a high-resolution  estimate  of  the  ith  multispectral  band,  the  same  as  XS(  in  stage  1. 
The  high-resolution  hybrid  multispectral  bands  for  these  weakly  correlated  data  are  then 
computed  in  an  identical  manner  as  the  strongly  correlated  bands  (equation  3)  (Munechika 
etal.,  1993). 

Textural  Analysis  of  the  Image 

The  texture  of  a surface  may  be  considered  as  visual  roughness  or  variation  among 
adjacent  pixels,  e.g.  high  variation  is  high  texture,  while  low  variation  is  low  texture.  It  also 
may  be  defined  as  the  frequency  of  change  and  arrangement  of  tones  in  an  image  (Jensen, 
1986).  Texture  is  produced  by  an  aggregation  of  unit  features  that  may  be  too  small  to  be 
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Table  4-1:  The  Look  Up  Table 


0 

0 

0 

0 

0 

2 

1 

1 

2 

8 

8 

8 

7 

9 

16 

20 

24 

14 

Average  high  Weakly  correlated  low 

resolution  pan  image  resolution  muitispectral 


Average  high 
resolution  pan  DCs 

1 Corresponding  DCs  from 

1 weakly  correlated  low 

1 resolution  muitispectral  band 

0 

1 8,  8,  8,  7,  9 

1 

1 20,  24 

2 

1 16,14 

255 

I :: 

Compute  the  mean  of  the  corresponding  low 
resolution  muitispectral  DCs  to  create  the  LUT 


Average  high 

Mean  low  resolution 

resolution  pan  DCs 

muitispectral  DC 

0 I 

8 

1 1 

22 

2 1 

15 

255  1 

Formation  of  the  LUT  used  by  Price  (1987)  to  determine  a 
high  resolution  muitispectral  estimate  for  weakly  correlated  bands. 
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discerned  individually  on  the  image.  However,  it  determines  the  overall  visual  ‘smoothness’ 
or  ‘roughness’  of  image  features  (Lillesand  and  Kiefer,  1994).  To  estimate  the  textural 
properties  of  an  image  programs  are  written  in  the  FORTRAN  computer  language,  which 
uses  raw  digital  numbers  of  the  image  as  its  database.  A number  of  texture  measures  are 
available.  However,  a total  of  only  six  measures  are  considered  the  most  useful.  Three 
nondirectional  textures  (Average,  Standard  Deviation,  and  Entropy)  are  calculated  using  the 
statistical  transformation  (SST)  technique  as  described  by  Hsu  (1978),  and  three  directional 
textures  (Angular  Second  Moment,  Contrast,  and  Correlation)  are  calculated  using  the  gray- 
level  co-occurrence  matrix  (GLCM)  technique  as  described  by  Haralick  et  al.  (1973).  The 
programs  used  to  calculate  the  nondirectional  and  directional  texture  measures  are  listed  in 
Appendixes  B and  C,  respectively.  For  all  of  the  texture  measures,  the  program  is  capable 
of  working  with  the  window  sizes  of  three,  five,  and  seven.  In  addition,  for  the  directional 
textures,  the  program  is  capable  of  measuring  the  textures  along  the  four  directions — 
horizontal,  vertical,  45  degrees  to  the  right,  and  45  degrees  to  the  left.  However,  this  study 
emphasizes  the  classification  characteristics  of  the  different  texture  measures  and  their 
combinations  as  the  first  order  of  research.  Therefore,  as  an  initial  research  test  case,  3x3 
window  size  and  two  directions  (horizontal  and  vertical)  are  employed.  If  any  of  the  texture 
measures  or  their  combinations  render  appreciable  increase  in  classification  accuracies,  then 
it  would  warrant  further  research  to  test  the  effects  of  different  window  sizes  and  texture 
directions.  In  this  study,  as  per  the  initial  results,  only  two  special  cases  of  classifications 
with  5x5  window  size  were  conducted. 
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Hsu  (1978)  proposed  23  SST  spatial  measures  that  could  be  used  for  texture 
extraction.  Gong  et  al.  (1992)  tested  these  measures  through  visual  comparison  and  found 
that  the  spatial  measures  can  be  divided  into  two  categories.  The  first  group  operates  similar 
to  the  smoothing  function  while  the  second  group  works  like  an  edge  enhancer.  Gong,  et  al. 
(1992)  recommend  the  adoption  of  two  spatial  measures  from  Hsu  (1978)  to  represent  the 
best  of  each  group,  the  gray-level  average  (AVE)  and  the  standard  deviation  (STD).  In 
addition,  Gong  et  al.  (1992)  recommend  the  use  of  one  more  measure,  the  Entropy  (ENT), 
which  is  derived  from  gray-level  frequencies  counted  from  a pixel  window.  The  three 
measures  are  as  follows: 
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where, 

fi  = frequency  for  gray-level  i occurring  in  a pixel  window, 

W = total  number  of  pixels  in  a window,  and 

Ng  = the  quantization  level  of  the  image  or  the  highest  gray-level  on  the  original  spectral 
image  (maximum  of  56  in  8-bit  format,  or  0 to  255). 

The  GLCM  method,  proposed  by  Haralick  et  al.  (1973),  involves  two  steps  to 
generate  spatial  features.  First,  the  spatial  information  of  a digital  image  is  extracted  by  a 
co-occurrence  matrix  calculated  on  a pixel  neighborhood,  defined  by  a moving  window  of  a 
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specific  size.  Such  a matrix  contains  frequencies  of  any  combination  of  gray-levels 
occurring  between  pixel  pairs  separated  by  a specific  distance  and  angular  relationship 
within  the  window.  The  second  step  of  the  textural  analysis  is  to  compute  statistics  from  the 
gray-level  co-occurrence  matrix  to  describe  the  spatial  information  according  to  the  relative 
position  of  the  matrix  elements.  There  is  a large  number  of  spatial  measures  for  texture. 
Gong  et  al.  (1992)  found  the  following  three  measures  (defined  by  Haralick  et  al.,1973)  to 
be  most  suitable  for  the  purpose. 

a.  The  Angular  Second  Moment  (ASM)  feature  is  a measure  of  the  homogeneity  of 
the  image.  Higher  gray-tone  transitions  will  give  higher  ASM  values.  The  ASM 
value  is  given  by  the  following  equation. 
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where, 

Pjj  represents  the  (i,j)  entry  of  the  co-occurrence  matrix. 

b.  The  Contrast  (CON)  feature  is  a measure  of  the  contrast  or  the  amount  of  local 

variations  present  in  an  image.  Higher  local  variations  will  give  higher  CON 

values.  The  CON  value  is  given  by  the  following  equation. 
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c.  The  Correlation  (COR)  feature  is  a measure  of  the  gray-tone  linear  dependencies 
in  the  image.  Higher  linear  dependencies,  not  the  noise,  will  give  higher  COR 
values.  The  COR  value  is  given  by  the  following  equation: 
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Classification  Algorithm 

The  normal  Gaussian  classifier.  This  is  the  usual  maximum-likelihood  technique  of 
the  supervised  classification  system.  This  decision  rule  does  not  assume  a prior  knowledge 
of  the  probabilities  of  occurrences  of  the  different  class.  It  simply  assigns  the  default  value 
of  1 to  the  probabilities  or  weight  factors.  The  researcher  supervises  the  computer  program 
by  assigning  the  sample  areas  for  each  classes.  These  sample  or  training  areas  provide  the 
spectral  properties  of  each  of  the  classes,  according  to  which  classification  decisions  for 
each  of  the  pixels  are  made.  When  conducting  the  classification,  this  method  takes  into 
consideration  both  the  variances  and  the  covariances  of  the  spectral  responses  for  each  of 
the  classes.  The  data  are  assumed  to  follow  the  normal  or  Gaussian  distribution. 

The  Bayesian  classifier.  This  variation  of  the  maximum-likelihood  decision  rule 
assumes  a priori  knowledge  of  the  occurrence  probabilities  of  the  different  classes.  The 
probabilities  or  weight  factors  for  each  of  the  classes  can  be  specified.  When  classification 
decisions  are  made,  these  specified  values  are  considered.  If  the  probability  value  of  1 is 
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assigned  to  each  of  the  classes,  then  it  will  revert  to  the  normal  Gaussian  classification 
method. 

The  hybrid  classifier.  The  hybrid  classification  system,  as  described  in  the  research 
outline  section,  uses  the  techniques  from  both  the  unsupervised  and  the  supervised 
classification  systems.  First,  the  Iterative  Self  Organizing  Data  Analysis  (ISODATA) 
technique  of  the  unsupervised  clustering  system  is  used  to  develop  pixel  clusters.  Second, 
the  digitized  GIS  land-cover  vector  map  is  transformed  into  an  image  with  the  pixel  value 
equal  to  the  corresponding  land-cover  level  II  class  values.  These  two  images  are  compared 
pixel  by  pixel,  and  a matrix,  which  is  made  of  the  clusters  and  land-cover  classes,  is  created 
showing  the  percentage  of  the  common  pixel  number  for  each  of  the  pairs.  If  an  appreciable 
relationship  exists  between  a given  cluster  with  a given  land-cover  class,  then  the  cluster  is 
assigned  the  label  of  the  land  cover  class.  The  cluster  statistics  would  be  used  as  the  training 
area  statistics  towards  classification  of  the  entire  scene. 

The  mixed-band  combination  classifier.  The  best  classification  accuracy  value  for  a 
given  land-cover  class  is  obtained  only  when  a specific  band  combination  is  used.  However, 
the  present  software  configuration  allows  only  one  band  combination  for  the  aggregate 
classification  of  all  the  classes.  As  described  in  the  research  outline  section,  an  innovative 
“mixed-band  combination  classifier”  system  was  developed  in  this  study  to  circumvent  the 
problem.  The  system  allows  the  specification  of  different  band  combinations  for  different 
classes,  where  appropriate.  First,  the  “Kappa”  values  obtained  from  earlier  screenings  for 
each  of  the  land  cover  classes  using  different  band  combinations  are  tabulated.  Second,  the 
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classes  with  comparatively  higher  “Kappa”  values  and  the  related  band  combinations  are 
recognized.  Then  the  mixed-band  classification  is  conducted. 


The  measure  of  classification  accuracy  described  by  Congalton  and  Mead  (1983) 
and  Rosenfield  and  Fitzpatrick-Lins  (1986)  is  used  in  this  study.  The  Kappa  coefficient  (K- 
statistics)  provides  a measure  of  difference  between  the  observed  agreement  in  two  maps 
and  agreement  that  is  contributed  by  chance.  The  Kappa  coefficient  expresses  the 
proportionate  reduction  in  error  generated  by  a classification  process  compared  with  the 
error  of  a completely  random  classification.  For  example,  a value  of  0.82  implies  that  the 
classification  process  was  avoiding  82  percent  of  the  errors  that  a completely  random 
classification  would  generate  (Congalton,  1991).  The  estimate  of  Kappa  is  given  by 


Kappa  Coefficients  of  Agreement 


(13) 
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where 


Pq  = proportion  of  the  observed  agreement,  found  in  the  diagonal. 
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Pc~  proportion  of  the  chance  expected  agreement  found  in  the  diagonal. 


(15) 
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(Pq~  Pc)  ~ observed  agreement  out  of  which  chance  agreement  has  been  removed; 
(1  - Fc)  = potential  for  agreement  beyond  that  expected  by  chance; 

N = total  number  of  observation; 
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L = number  of  rows  or  columns  in  the  error  matrix; 

Xii  = number  of  observations  in  row  i and  column  i; 

Xfi  = marginal  total  of  row  i;  and 

Xci  = marginal  total  of  column  i. 

The  Kappa  coefficients  of  agreement  technique  are  appropriate  in  this  case  because 
the  satellite  data  are  discrete  and  multinomially  distributed;  hence,  they  require  a discrete 
multivariate  analysis  (K-coefficient)  technique.  By  comparison,  parametric  statistical 
techniques,  such  as  the  analysis  of  variance,  assume  that  the  data  are  continuous  and 
normally  distributed.  Again,  Chi  square  analysis  is  possible  except  that  problems  arise  when 
cell  values  in  the  matrix  equal  zero.  These  problems  do  not  affect  the  discrete  multivariate 
analysis  technique  (Congalton  and  Mead,  1983).  Furthermore,  the  K-coefficient  technique 
not  only  corrects  for  chance  agreement,  it  also  can  be  further  extended  and  calculate  the 
conditional  K-coefficient,  which  is  a measure  of  the  accuracy  of  the  individual  category. 
Out  of  several  coefficients  proposed  for  accuracy  assessment  in  the  remote-sensing 
literature,  only  one  corrects  for  chance  agreement,  and  none  have  the  statistical  basis  of 
being  an  intraclass  correlation  coefficient  (Rosenfield  and  Fitzpatrick-Lins,  1986). 

Cohen  (1960)  developed  this  coefficient  of  agreement  for  nominal  scales,  which 
measure  the  relationship  of  beyond-chance  agreement  to  expected  disagreement.  In  other 
words,  the  coefficient  is  the  proportion  of  agreement  after  the  chance  agreement  is  removed 
from  consideration  (Rosenfield  and  Fitzpatrick-Lins,  1986).  To  calculate  the  Kappa 
coefficient,  an  error  matrix  is  developed.  The  columns  of  the  matrix  represent  the  categories 
on  map  number  one  (verification  or  ground  truth),  and  the  rows  represent  the  same 
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categories  on  map  number  two  (interpretation  or  worked-out  classification).  Each  sample 
point  is  represented  in  the  matrix  according  to  the  categories  found  at  its  location  on  the  two 
maps.  By  its  arrangement,  the  error  matrix  displays  the  number  of  samples  that  have  the 
same  category  on  both  maps  along  the  diagonal,  with  all  other  positions  filled  by  those 
samples  for  which  the  categories  disagree. 

Error  Matrix 

Map  2 Map  1 - Reference  (Land  cover  class). 
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The  range  of  K varies  between  +1  and  -1,  with  +1  being  perfect  agreement,  a 0.0 
value  meaning  that  the  agreement  is  equal  only  to  the  chance  level,  and  -1  being  total 
disagreement  (Carstensen,  1987). 

Bishop  et  al.  (1975)  give  the  relation  to  calculate  the  large  sample  variance  for  the 
K.  The  variance  then  can  be  used  to  derive  the  confidence  interval  for  a given  confidence 
level: 
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where, 


-=i  _/V  jv 


and  where  the  confidence  interval  is  given  by 


(17) 


C.I.  = ±Z^,^x(T 


Once  the  variance  is  calculated,  a test  for  significance  of  the  K can  be  performed 
to  determine  the  error  matrix  if  the  agreement  between  the  classification  and  the  reference 
data  is  significantly  greater  than  zero.  In  other  words,  a test  can  be  performed  to  check  if 
the  classification  is  significantly  better  than  a random  assignment  of  land-cover 
categories  to  pixels.  More  importantly,  if  more  than  one  classification  method  is 
considered  and  corresponding  K values  are  determined,  then  a pairwise  test  of 
significance  can  be  performed  between  two  independent  Ks  using  the  normal  curve 
deviant  to  determine  if  the  two  error  matrices  are  significantly  different  (Cohen,  1960). 
The  test  statistic  for  significant  differences  in  a large  sample  is  given  by 
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The  confidence  intervals  and  significance  tests  are  based  on  the  asymptotic 
normality  of  the  K statistic  (Congalton  et  al.,  1983). 


CHAPTER  5 

THE  PRELIMINARY  DATA  PROCESSING 


The  Available  Data 


There  are  several  satellite  systems  designed  to  sense  the  earth’s  surface.  However, 
currently  civil/commercial  sector  mostly  uses  the  data  sensed  by  the  LANDSAT  and  the 
SPOT  satellites. 

LANDSAT  stands  for  the  “Land  Satellite”  and  was  launched  by  the  National 
Aeronautics  and  Space  Administration  (NASA),  USA.  The  images  sensed  by  the 
LANDSAT  satellites  include  the  Thematic  Mapper  (TM)  images.  The  Thematic  mapper 


images  have  seven  bands,  which  are  designated  as  TMl,  TM2,  TM3,  TM4,  TM5,  TM6,  and 
TM7.  The  bands  have  spatial  resolutions  of  30-m  x 30-m  pixel  size,  except  for  the  thermal 
band  which  has  a spatial  resolution  of  120  m x 120  m.  Its  radiometric  resolution  is  256,  or 
eight  bits.  The  Thematic  mapper  images  are  used  in  this  study,  and  the  seven  bands  with 
their  corresponding  spectral  locations  and  wave  length  widths  in  micrometers  (pm)  are 


given  below. 

TMl 

Blue 

0.45-0.52 

TM2 

Green 

0.52-0.60 

TM3 

Red 

0.63-0.69 

TM4 

Near-infrared 

0.76-0.90 

TM5 

Mid-infrared 

1.55-1.75 

TM6 

Thermal  Infrared 

10.4-12.5 

TM7 

Mid-infrared 

2.08-2.35 
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Current  LANDSAT  images  do  not  have  spatial  resolutions  greater  than  30  m,  but  a 
new  satellite  system,  LANDSAT-7,  to  be  launched  in  the  near  future,  will  have  a number  of 
additional  features.  Among  others,  it  will  include  the  Enhanced  Thematic  Mapper  (ETM) 
band,  which  is  a panchromatic  band  with  the  spatial  resolution  of  15  m and  band  width  of 
0.50-0.90  pm,  the  improved  radiometric  calibration  system  and  a Global  Positioning 
System  (GPS). 

The  SPOT  (Systeme  Pour  I’Observation  de  la  Terre)  was  launched  by  the  French 
Centre  National  d’Etudes  Spatiales  (CNES)  in  France.  It  has  two  sets  of  sensors — SPOT- 
Multispectral  (XS)  and  SPOT-Panchromatic  (PAN).  The  SPOT-XS  images  have  three 
bands— green  (0.50  to  0.59  pm),  red  (0.61  to  0.68  pm),  and  near  infrared  (0.79  to  0.89  pm); 
have  the  spatial  resolution  of  20  m x 20  m;  and  have  the  radiometric  resolution  of  256,  or  8 
bits.  The  PAN  is  a gray-scale  band  with  spatial  resolution  of  10  m x 10  m,  and  the 
radiometric  resolution  of  256,  or  8 bits.  Its  band  width  is  0.51  to  0.73  pm.  In  this  study,  the 
SPOT-XS  bands  are  not  used.  However,  the  PAN  band  is  used  to  enhance  the  spatial 
resolution  of  the  TM  bands  to  higher  spectral  resolution. 

One  of  the  drawbacks  of  the  SPOT  system  as  compared  to  the  LANDSAT  is  that  it 
does  not  have  enough  bands  or  lower  spectral  resolution.  However,  a new  proposed  SPOT- 
4/5  system  has,  among  other  things,  one  more  band  of  mid-infrared  (0.61  to  0.68  pm)  and 
capacity  to  coregister  the  data  on  board  itself.  These  innovations  also  are  expected  to  make 
the  texture  measurements  and  its  uses  better  (Lillesand  and  Kiefer,  1994). 

For  this  study,  two  images  (4  bands  of  TM  and  1 band  of  PAN)  covering  the 
eastern  site  and  only  one  image  (3  bands  of  TM)  covering  the  western  site  were  available. 


86 


Data  (normalized  brightness  values)  are  corrected  by  the  suppliers  for  image  degradation 
due  to  detector  anomalies  and  for  systematic  distortions,  but  the  images  were  not  rectified. 

(a)  East  site;  The  LANDSAT-TM  image  (1992)  has  four  bands  (TM2,  TM3,  TM4, 
TM5).  The  TM  image  has  the  size  of  823  columns  and  905  rows.  It  is  already 
rectified  to  Albers  Conical  Equal  Area  Projection. 

(b)  East  site;  The  SPOT-Panchromatic  image  (1990)  has  one  band  (PAN).  The  Spot 
image  has  the  size  of  3,000  columns  and  3,200  rows.  It  is  not  rectified. 

(c)  West  site;  The  LANDSAT-TM  image  (1992)  has  three  bands  (TM2,  TM3,  TM4). 
The  TM  image  has  the  size  of  807  columns  and  935  rows.  It  is  rectified  to  UTM 
Projection. 

The  digitized  GIS  land-cover  classification  map  is  based  upon  the  aerial  photo- 
interpretation (1989/1990/1991)  of  both  eastern  and  western  sites.  The  land-cover  class 
differentiation  is  up  to  level  II.  It  is  used  as  the  ground  truth  or  the  true  reference.  An 
example  of  the  map  is  given  in  Figure  3-6. 

For  this  study  the  aerial  photographs  for  the  eastern  site  were  also  made  available. 
An  example  of  the  aerial  photos  is  shown  in  Figure  3-7. 

Preliminary  Data  Processing 

The  image  of  the  east  site.  To  reduce  the  redundancy  of  the  bands,  the  correlation 
analysis  between  the  bands  of  the  TM  image  was  conducted.  The  bands  TM2  and  TM3 
have  very  high  degrees  of  correlation  (r  = 0.971),  while  other  correlation  values  are 
comparatively  small;  0.22  (TM2  and  TM4),  0.673  (TM2  and  TM5),  0.136  (TM3  and 
TM4),  0.755  (TM3  and  TM5),  and  0.243  (TM4  and  TM5).  Therefore,  these  two  bands 
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(TM2  and  TM3)  are  combined  using  the  principal  components  transformation  and 
designated  as  TM2/3.  For  further  analysis  the  three  bands  (TM2/3,  TM4,  and  TM5)  are 
used. 

The  unrectified  SPOT-Panchromatic  (PAN)  image  was  rectified  and  trimmed  to 
match  the  TM  image.  These  two  images  are  merged  together  using  the  Price’s  method. 
Both  images  do  not  have  high  degrees  of  correlation.  The  highest  correlation  coefficient 
is  between  TM2/3,  and  the  PAN  image  is  only  0.753.  Other  correlation  values  are  0.167 
(TM4  and  PAN)  and  0.167  (TM5  and  PAN).  Therefore,  the  program  automatically  opted 
for  the  Price’s  look-up  table  technique.  When  merging,  some  of  the  created  DN  values 
were  higher  than  the  radiometric  range  of  255,  but  they  were  still  assigned  the  value  of 
255.  The  number  of  such  deviations  are  very  small.  The  largest  number  of  deviations 
(1,021)  occurred  for  band  TM5  which,  as  compared  to  the  total  number  of  pixels  for  each 
band  6,703,335  (823x3  columns  x 905x3  rows),  is  considered  negligible. 

The  number  of  pixels  with  original  calculated  DN  value  greater  than  255,  to 
which  the  assigned  value  of  255  was  given  is  listed  below. 


Original  DN  Value 

>255 

TM2/3 

400 

TM4 

44 

TM5 

1021 

The  new  merged  image  has  three  bands,  pixel  size  of  10m  x 10m,  2,469  columns, 
2,715  rows,  and  its  geographical  extension  coincides  approximately  with  the  four 
quadrangle  sheets— Plant  City  West,  Plant  City  East,  Dover,  and  Nichols.  Its  rectification 
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was  done  using  also  the  Albers  conical  equal  area  projection.  The  approximate  extension 
of  the  area  is: 

Latitude  : 28°  T 30”  N to  27°  52’  30”  N 
Longitude  ; 82°  15’  0”  W to  82°  0’  0”  W 

The  image  of  the  west  site.  As  mentioned  before,  the  TM  image  has  the  pixel  size 
of  30  m X 30  m,  and  the  image  has  the  size  of  807  columns  and  935  rows.  It  is  already 
rectified  to  Transverse  Mercator  Projection.  The  image  has  three  bands  (TM2,  TM3, 
TM4)  of  which  bands  TM2  and  TM3  are  found  to  be  highly  correlated  (r  = 0.96).  A new 
band  is  created  by  combining  these  two  bands  and  is  designated  TM2/3.  For  further 
analysis,  either  3 bands  combination  (TM2,  TM3  and  TM4)  or  2 bands  combination 
(TM2/3  and  TM4)  is  used.  The  geographical  extension  of  the  image  approximately 
coincides  with  the  four  quadrangle  sheets— Elfers,  Odessa,  Oldsmar,  and  Citrus  Park  The 
approximate  extension  of  the  area  is  given  below: 

Latitude  : 28°  15’  0”  N to  28°  0’  0”  N 
Longitude  : 82°  45’  0”  W to  82°  30’  0”  W 

Texture  measures 

For  each  of  the  bands,  a certain  number  of  texture  measures  are  calculated  using 
the  formulas  and  the  computer  programs  mentioned  before.  In  the  east  side  3 bands 
(TM2/3,  TM4,  TM5)  with  10  meters  pixel  size  were  taken  as  the  root  spectral  bands; 
while,  in  the  west  area  4 bands  (TM2/3,  TM2,  TM3,  TM4)  with  30  meters  pixel  size  were 
taken.  For  each  of  these  bands,  three  nondirectional  texture  (Average,  Standard 
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Deviation,  Entropy)  and  six  directional  texture  (Angular  Second  Moment  - Horizontal, 
Contrast  - Horizontal,  Correlation  - Horizontal,  Angular  Second  Moment  - Vertical, 
Contrast-  Vertical,  and  Correlation-  Vertical)  image  bands  are  created.  For  texture 
measurements  the  3x3  window  size  is  used;  thus,  for  each  of  the  root  spectral  image 
band  one  has  corresponding  9 texture  bands.  The  nomenclature  of  these  bands  are  given 
in  Table  5-1. 

The  moving  3x3  window  for  computing  the  texture  values  ignores  the  pixel 
values  at  the  edge  of  the  image,  which  are  given  the  values  by  taking  the  average  of  the 
two  adjacent  two  pixels  on  the  same  row  or  column.  The  computed  texture  values  for  a 
given  image  may  come  with  a very  large  or  a very  small  range.  In  that  case,  the  range  of 
the  texture  values  needs  to  be  adjusted  as  far  as  possible  within  the  range  of  0 - 255  for 
the  one  byte  data  system.  This  is  done  by  multiplying  all  the  values  with  a suitable 
multiplier  and  rounding  them  to  the  nearest  integer.  After  the  multiplication  some  of  the 
calculated  DN  values  may  fall  outside  the  radiometric  range.  Those  values  are  changed  to 
the  closest  values  within  the  range.  That  is,  all  the  values  smaller  than  0 will  be  assigned 
the  value  of  0,  and  all  the  values  larger  than  255  will  be  assigned  the  value  of  255.  Since 
these  adjusted  ‘DN’  values  are  the  potential  source  of  error,  they  are  kept  as  low  as 
possible.  In  this  research  the  pixels  with  the  adjusted  values  make  less  than  0.3%  of  total 
pixel  numbers  and  are  considered  negligible.  The  multipliers  used  and  the  adjusted 
numbers  are  given  in  Table  5-2. 
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Table  5-1:  Nomenclature  of  the  Spectral  and  Textural  Bands. 

Spectral  Bands. 

TM2  LANDSAT  Thematic  Mapper  Band  No.  2. 

TM3  LANDSAT  Thematic  Mapper  Band  No.  3. 

TM4  LANDSAT  Thematic  Mapper  Band  No.  4. 

TM5  LANDSAT  Thematic  Mapper  Band  No.  5. 

TM2/3  Combined  TM2  and  TM3  by  Principal  Components  Transformation. 


Texture  Bands:  Non-Directional. 

AVE  Average 

STD  Standard  Deviation 

ENT  Entropy 

Texture  Bands:  Directional. 

ASM-H  Angular  Second  Moments  - Horizontal 
CON-H  Contrast  - Horizontal 
COR-H  Correlation  - Horizontal 

ASM-V  Angular  Second  Moments  - Vertical 
CON-V  Contrast  - Vertical 
COR-V  Correlation  - Vertical 
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Table  5-2:  Multipliers  and  Adhusted  Numbers.  Window  size;  3x3 

The  calculated  texture  'DN'  values  for  the  image  often  needs  to  be  adjusted  to  the  range  of  0 - 255 
for  one  byte  data  file  system.  It  is  done  by  multiplying  all  the  values  with  a suitable  'Multiplier'. 
The  multiplier  values  used  for  each  of  the  bands  for  the  entire  image  are  given.  The  maximum, 
the  minimum  and  the  mean  values  for  each  bands  after  the  multiplications  are  also  given.  Some 
of  the  'DN'  values  after  the  multiplication  may  be  outside  the  range.  These  numbers  are  adjusted 
to  the  range  of  0 - 255.  That  is,  all  the  values  smaller  than  0 are  assigned  the  value  of  0,  and  all 
the  values  larger  than  255  are  assigned  the  value  of  255.  Since  these  adjusted  'DN'  values  are  the 
potential  source  of  error,  they  are  kept  as  low  as  possible.  The  adjusted  'DN'  numbers  are  reported. 


Window  Size:  3x3. 


EASTERN  SITE:  Image:  2715  rows,  2469  Columns,  10m  Pixel  Size. 

Total  number  of  pixels  6703335. 

Non-directional  texture  measure:  Adjusted  Numbers 


TM2/3 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Average 

2 

510 

86 

24 

16762 

St.  Dev. 

8 

1072 

30 

0 

19958 

Entropy 

100 

220 

145 

0 

0 

TM4 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Average 

2 

454 

140 

2 

3979 

St.  Dev. 

12 

1608 

49 

0 

18427 

Entropy 

100 

220 

152 

0 

0 

TM5 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Average 

1 

255 

90 

1 

0 

St.  Dev. 

5 

670 

45 

0 

4616 

Entropy 

100 

220 

166 

0 

0 

Directional  texture  measure:  Horizontal 

Adjusted 

Numbers 

TM2/3 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Ang.sec.mom. 

1.75 

252 

44 

21 

0 

Contrast 

0.03 

22709 

12 

0 

33845 

Correlation 

2000 

250 

227 

-41516 

0 

39638 

TM4 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Ang.sec.mom. 

2 

288 

44 

24 

27922 

Contrast 

0.05 

36779 

20 

0 

36293 

Correlation 

1500 

250 

237 

-31075 

0 

32497 

Table  5-2:  Continued  92 


TM5 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Ang.sec.mom. 

2 

288 

39 

24 

29950 

Contrast 

0.012 

9364 

20 

0 

22925 

Correlation 

1000 

250 

229 

-20633 

0 

37164 

Directional  texture  measure:  Vertical 

Adjusted 

Numbers 

TM2/3 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Ang.sec.mom. 

1.5 

216 

37 

18 

0 

Contrast 

0.02 

15606 

8 

0 

23235 

Correlation 

1500 

250 

232 

-31075 

0 

27863 

TM4 

Multiplier 

Max  Min 

Mean 

to  255 

to  0 

Ang.sec.mom. 

1.7 

245 

37 

20 

0 

Contrast 

0.04 

20808 

16 

0 

27468 

Correlation 

1500 

250 

234 

-31075 

0 

35156 

TM5 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Ang.sec.mom. 

2 

288 

40 

24 

29950 

Contrast 

0.012 

7845 

19 

0 

29483 

Correlation 

600 

250 

237 

-12280 

0 

20152 

WESTERN  SITE:  Image:  935  rows,  807  Columns,  30m  Pixel  Size. 

Total  number  of  pixels  754545. 

Non-directional  texture  measure  Adjusted  Numbers 


TM2 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Average 

1.2 

249 

64 

1 

0 

0 

St.  Dev. 

2 

244 

38 

0 

0 

0 

Entropy 

110 

242 

178 

0 

0 

0 

TM3 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Average 

1 

253 

79 

2 

0 

0 

St.  Dev. 

2 

248 

41 

0 

0 

0 

Entropy 

100 

220 

177 

0 

0 

0 

TM4 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Average 

1 

254 

147 

1 

0 

0 

St.  Dev. 

2 

254 

54 

0 

0 

0 

Entropy 

no 

242 

212 

0 

0 

0 

TM2/3 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Average 

2 

260 

99 

8 

8 

0 

St.  Dev. 

2 

258 

117 

10 

2 

0 

Entropy 

no 

208 

155 

76 

0 

0 

Table  5-2:  Continued 
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Directional  texture  measure:  Horizontal 


Adjusted  Numbers 


TM2 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Ang.sec.mom. 

2 

288 

40 

24 

2450 

Contrast 

0.003 

1381 

24 

0 

3145 

Correlation 

80 

250 

234 

91 

-1076 

0 

2335 

Table  5-2:  Continued 


TM3 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Ang.sec.mom. 

2 

360 

42 

30 

1264 

Contrast 

0.0025 

951 

23 

0 

2816 

Correlation 

150 

250 

229 

-1439 

0 

3164 

TM4 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Ang.sec.mom. 

1.5 

216 

22 

18 

0 

Contrast 

0.0015 

876 

23 

0 

1573 

Correlation 

100 

250 

240 

-1402 

0 

2402 

TM2/3 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Ang.sec.mom. 

3 

216 

58 

36 

0 

0 

Contrast 

0.0005 

336 

75 

0 

1139 

0 

Correlation 

10 

220 

205 

93 

0 

0 

Directional  texture  measure:  Vertical  Adjusted  Numbers 


TM2 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Ang.sec.mom. 

2 

288 

40 

24 

2459 

Contrast 

0.0025 

995 

21 

0 

2633 

Correlation 

80 

250 

233 

-1076 

0 

2568 

TM3 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Ang.sec.mom. 

2.5 

360 

42 

30 

1264 

Contrast 

0.002 

746 

19 

0 

1816 

Correlation 

120 

250 

233 

-1101 

0 

2059 

TM4 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Ang.sec.mom. 

1.7 

245 

25 

20 

0 

Contrast 

0.0015 

807 

23 

0 

2028 

Correlation 

100 

250 

240 

-1402 

0 

2116 

TM2/3 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Ang.sec.mom. 

3 

216 

58 

36 

0 

0 

Contrast 

0.0005 

347 

75 

0 

1151 

0 

Correlation 

10 

221 

205 

82 

0 

0 
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Land-cover  Classes  and  Training  Areas 

The  digitized  land-cover  GIS  map  of  the  area  is  used  as  the  ground  truth  or  the 
reference  values.  In  the  eastern  site,  32  level  II  land-cover  classes  were  identified. 
Whereas,  in  the  western  site,  34  level  II  land-cover  classes  are  identified.  The  land-cover 
classes  are  detailed  in  Table  3-2  (page  65).  In  the  eastern  site,  297  land-cover  polygons 
were  drawn  on  the  image,  with  the  help  of  the  GIS  map  covering  all  32  classes,  as  the 
training  areas  toward  supervised  classification.  Where  as,  in  the  western  site,  232  land- 
cover  polygons  were  drawn  on  the  image  covering  all  the  34  classes. 

The  means  and  standard  deviations  of  the  DN  values  within  the  training  areas  for 
each  of  the  land  cover  classes  are  measured  for  both  the  spectral  and  the  textural  bands. 
The  values  for  both  the  eastern  and  the  western  areas  are  given  in  Appendixes  D and  E. 
And  the  same  information  is  also  presented  graphically  in  Figure  5-1  and  Figure  5-2.  For 
a given  band,  each  of  the  class  means  and  one  standard  deviation  intervals  above  and 
below  the  means  are  illustrated.  The  measured  means  and  the  standard  deviations  of  the 
training  areas  become  the  basis  of  the  supervised  land-cover  classification.  The  result  of 
the  classification  is  given  as  a single-band  image,  where  each  pixel  value  stands  for  the 
land-cover  class  to  which  is  assigned.  This  classified  image  is  subjected  to  the  accuracy 
analysis  by  comparing  it  with  the  reference  or  ground  truth. 
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Figure  5-1:  East  Area 
DN  Means  and  Standard  Deviations 
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Figure  5-1 -Continued:  East  Area 
DN  Means  and  Standard  Deviations 
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Figure  5-1-Continued:  East  Area 
DN  Means  and  Standard  Deviations 
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Figure  5-1 -Continued:  East  Area 
DN  Means  and  Standard  Deviations 
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Figure  5-1 -Continued:  East  Area 
DN  Means  and  Standard  Deviations 
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Figure  5-1 -Continued:  East  Area 
DN  Means  and  Standard  Deviations 
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Figure  5-1-Continued:  East  Area 
DN  Means  and  Standard  Deviations 
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Figure  5-1-Continued:  East  Area 
DN  Means  and  Standard  Deviations 
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Figure  5-1 -Continued:  East  Area 
DN  Means  and  Standard  Deviations 
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Figure  5-1 -Continued:  East  Area 
DN  Means  and  Standard  Deviations 
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Figure  5-1 -Continued:  East  Area 
DN  Means  and  Standard  Deviations 
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Figure  5-1 -Continued:  East  Area 
DN  Means  and  Standard  Deviations 
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Figure  5-1 -Continued:  East  Area 
DN  Means  and  Standard  Deviations 
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Figure  5-1 -Continued:  East  Area 
DN  Means  and  Standard  Deviations 
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Figure  5-1-Continued:  East  Area 
DN  Means  and  Standard  Deviations 
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Figure  5-2:  West  Area 
DN  Means  and  Standard  Deviations 
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Figure  5-2-Continued:  West  Area 
DN  Means  and  Standard  Deviations 
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Figure  5-2-Continued:  West  Area 
DN  Means  and  Standard  Deviations 
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Figure  5-2-Continued:  West  Area 
DN  Means  and  Standard  Deviations 
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Figure  5-2-Continued:  West  Area 
DN  Means  and  Standard  Deviations 
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Figure  5-2-Contimued:  West  Area 
DN  Means  and  Standard  Deviations 


Digital  Number  Digital  Number 


116 


250 


TX1 3 - Textural  (TM2) 


200 


400  600  800 


Land  Cover  Class 


200 


TX14  - Textural  (TM2) 


150 

100 

50 

0 

0 

-50 


Land  Cover  Class 
Figure  5-2-Continued:  West  Area 
DN  Means  and  Standard  Deviations 
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Figure  5-2-Continued:  West  Area 
DN  Means  and  Standard  Deviations 
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Figure  5-2-Continued:  West  Area 
DN  Means  and  Standard  Deviations 
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CHAPTER  6 

ACCURACY  ANALYSIS 
Accuracy  Analysis — Part  1 

In  this  project,  the  overall  accuracy  and  the  K-statistics  analysis  are  conducted  to 
evaluate  the  land-cover  class  identification  potential  of  the  spectral  and  textural  images.  It 
is  accomplished  by  comparing  the  land-cover  class  assignments  after  the  classification 
with  the  references  or  the  ground  truths  at  a number  of  randomly  chosen  locations.  The 
stratified  sampling  technique  is  used  so  that  all  of  the  classes,  whenever  possible,  are 
represented  in  the  analysis. 

First,  the  original  spectral  TM  images  of  both  the  eastern  and  the  western  sites  are 
classified  using  standard  supervised  “Gaussian  maximum-likelihood”  classification 
method.  There  are  4 TM  bands  in  the  eastern  and  3 TM  bands  in  the  western  original 
images.  The  accuracy  values  measured  will  be  the  base  or  the  reference  value  to  compare 
accuracy  improvements  due  to  texture  measures.  The  accuracy  figures  are  given  in  Tables 
6-1  and  6-2. 

Second,  accuracy  analyses  of  the  land-cover  identification  are  conducted  for  both 
areas  by  using  the  spectral  and  the  all  of  the  corresponding  textural  bands.  In  the  eastern 
area,  3 spectral  bands  (TM2/3,  TM4,  TM5)  and  27  corresponding  texture  bands  are  used. 
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Table  6-1  : Accuracy  Report : East  Area  - Land  Cover  Level  II : Reference. 
CLASSIFICATION  ACCURACY  ASSESSMENT  REPORT 

Area  ; East  of  Tampa,  Florida.  Size  : About  25  kilometers  EW  & 27  kilometers  NS. 

Image  ;TM2,  TM3,  TM4  and  TM5  bands  Pixel  size  : 30mx30m 

Land  cover  - II  level : 32  classes. 


Class  Reference  Classified 

Name  Totals  Totals 


Number  Producers  Users 
Correct  Accuracy  Accuracy 


KAPPA  (K^)  STATISTICS  : 
Conditional  'K'  for  each  Class, 
'K' 


Unclassified 

0 

0 

0 

Class  1 10 

19 

8 

2 

Class  120 

14 

10 

2 

Class  130 

2 

6 

0 

Class  140 

5 

5 

2 

Class  150 

I 

4 

1 

Class  160 

22 

4 

1 

Class  170 

2 

3 

1 

Class  180 

5 

5 

2 

Class  190 

8 

4 

0 

Class210 

76 

11 

8 

Class220 

20 

9 

2 

Class230 

1 

8 

0 

Class240 

2 

3 

0 

Class250 

1 

5 

0 

Class260 

3 

6 

0 

Class3 10 

0 

20 

0 

Class320 

2 

11 

0 

Class330 

0 

22 

0 

Class410 

5 

6 

1 

Class420 

0 

12 

0 

Class430 

16 

13 

0 

Class520 

0 

4 

0 

Class530 

8 

4 

3 

Class610 

14 

18 

7 

Class620 

2 

6 

1 

Class630 

1 

6 

0 

Class640 

20 

6 

2 

Class650 

0 

11 

0 

Class740 

1 

4 

0 

ClassSlO 

6 

5 

1 

CIass820 

0 

14 

0 

Class830 

0 

3 

0 

Totals  : 

256 

256 

36 

— 

— 

0.00 

0.11 

0.25 

0.19 

0.14 

0.20 

0.15 

0.00 

0.00 

-0.01 

0.40 

0.40 

0.39 

1.00 

0.25 

0.25 

0.05 

0.25 

0.18 

0.50 

0.33 

0.33 

0.40 

0.40 

0.39 

0.00 

0.00 

-0.03 

0.11 

0.73 

0.61 

0.10 

0.22 

0.16 

0.00 

0.00 

0.00 

0.00 

0.00 

-0.01 

0.00 

0.00 

0.00 

0.00 

0.00 

-0.01 

- 

- 

0.00 

0.00 

0.00 

-0.01 

- 

- 

0.00 

0.20 

0.17 

0.15 

- 

- 

0.00 

0.00 

0.00 

-0.07 

... 

0.00 

0.38 

0.75 

0.74 

0.50 

0.39 

0.35 

0.50 

0.17 

0.16 

0.00 

0.00 

0.00 

0.10 

0.33 

0.28 

... 

0.00 

0.00 

0.00 

0.00 

0.17 

0.20 

0.18 

... 

0.00 

... 

0.00 

Overall  Classification  Accuracy  = 0.1 406 


Overall  Kappa  Statistics  = 0.1 100 
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Table  6-2  : Accuracy  Report : West  Area  - Land  Cover  Level  II  : Reference. 
CLASSIFICATION  ACCURACY  ASSESSMENT  REPORT 


Size  : About  24  kilometers  EW  & 28  kilometers  NS. 
Pixel  size  : 30mx30m 


Area  : North  West  of  Tampa,  Florida. 
Image  :TM2,  TM3  and  TM4  bands 
Land  cover  - II  level : 34  classes. 


Class 

Name 

Reference 

Totals 

Classified 

Totals 

Unclassified 

0 

0 

Classl  10 

11 

4 

Class  120 

17 

4 

Class  130 

40 

12 

Class  140 

6 

5 

Class  150 

2 

4 

Class  160 

2 

4 

CIassl70 

4 

3 

Class  180 

8 

6 

Class  190 

16 

3 

Class210 

27 

23 

Class220 

1 

5 

Class230 

0 

6 

Class240 

1 

3 

Class250 

2 

5 

Class260 

5 

9 

Class320 

6 

10 

Class330 

1 

7 

Class410 

18 

17 

Class420 

1 

5 

Class430 

2 

7 

Class5 1 0 

0 

7 

Class520 

11 

7 

Class530 

2 

5 

Class540 

8 

5 

Class610 

16 

10 

Class620 

23 

19 

Class630 

4 

14 

Class640 

7 

9 

Class650 

6 

3 

Class740 

0 

6 

Class810 

3 

12 

Class820 

0 

8 

Class830 

2 

3 

Class910 

1 

3 

Totals  : 

253 

253 

Number  Producers  Users 
Correct  Accuracy  Accuracy 


0 


0 

0.00 

0.00 

1 

0.06 

0.25 

10 

0.25 

0.83 

2 

0.33 

0.40 

1 

0.50 

0.25 

1 

0.50 

0.25 

0 

0.00 

0.00 

2 

0.25 

0.33 

1 

0.06 

0.33 

10 

0.37 

0.43 

0 

0 

0.00 

0.00 

0 

0.00 

0.00 

0 

0.00 

0.00 

0 

0.00 

0.00 

2 

0.33 

0.20 

0 

0.00 

0.00 

5 

0.28 

0.29 

0 

0.00 

0.00 

0 

0 

0.00 

0.00 

7 

0.64 

1.00 

1 

0.50 

0.20 

4 

0.50 

0.80 

3 

0.19 

0.30 

12 

0.52 

0.63 

1 

0.25 

0.07 

1 

0.14 

0.11 

1 

0 

0.17 

0.33 

1 

0 

0.33 

0.08 

0 

0.00 

0.00 

1 

67 

1.00 

0.33 

KAPPA  (K^)  STATISTICS  : 
Conditional  'K'  for  each  Class, 
'K' 


0.00 

-0.05 

0.20 

0.80 

0.39 

0.24 

0.24 

-0.02 

0.31 

0.29 

0.37 

0.00 

0.00 

0.00 

-0.01 

-0.02 

0.18 

0.00 

0.24 

0.00 

-0.01 

0.00 

1.00 

0.19 

0.79 

0.25 

0.59 

0.06 

0.09 

0.32 

0.00 

0.07 

0.00 

-0.01 

0.33 


Overall  Classification  Accuracy  = 0.2648 


Overall  Kappa  Statistics  = 0.2321 
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And  in  the  western  area,  3 spectral  bands  (TM2,  TM3,  TM4)  and  27  corresponding  bands 
are  used. 

Then,  by  way  of  comparison,  two  more  images  were  created  for  each  of  the  areas 
and  accuracy  analyses  were  conducted.  Images  of  the  eastern  area:  i.  TM2/3,  TM4,  and 
TM5  with  30-m  pixel  resolution,  and  ii.  TM2/3,  TM4,  and  TM5  with  10-m  pixel 
resolution  obtained  by  merging  with  the  PAN  image.  Images  of  the  western  area:  i. 
TM2/3  and  TM4  with  30-m  pixel  resolution,  and  ii.TM2/3,  TM4,  and  18  corresponding 
texture  bands  with  30-m  pixel  resolution 

The  land-cover  classifications  are  conducted  for  these  images  and  the  obtained 
accuracy  values  are  recorded.  The  summary  of  these  accuracy  values  is  given  in  Table  6- 
3. 

The  summary  table  shows  the  result  that  the  addition  of  texture  bands  actually 
lowers,  instead  of  enhancing,  the  classification  accuracy.  The  main  reasons  for  such 
discrepancy  are  - a.  lack  of  additional  information  in  the  added  bands,  b.  addition  of  noise 
or  extraneous  information,  and  c.  higher  dimensionality  caused  by  the  addition  of  too 
many  bands.  I believe,  the  extra  information  from  the  added  band  is  not  good  enough  to 
upset  the  problems  created  by  the  addition  of  noise  and  the  higher  dimensionality. 
Therefore,  it  becomes  useful  to  find  if  there  is  an  optimal  combination  of  the  bands  to 
maximize  the  accuracy  of  the  class  identification. 
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Accuracy  Analysis — Part  2 

Recognition  of  bands  which  add  new  information  regarding  land  cover,  and  helps 
in  landcover  recognition  is  critical.  In  the  above  analysis,  using  all  the  available  bands 
actually  lowered  the  accuracy  value,  because  many  of  the  bands  did  not  add  enough 
useful  information.  Therefore,  including  only  the  most  information  bearing  bands  would 
help  in  classification.  If  two  bands  are  giving  essentially  same  image  or  information  then 
addition  of  second  band  does  not  add  new  information,  and  consequently  does  not  help  in 
classification.  One  way  to  identify  the  redundant  bands  is  to  look  into  the  means  and  the 
standard  deviations  plot.  If  two  bands  are  similar  then  the  means  of  DN  values  of  each 
land  cover  classes  in  both  cases  would  be  close.  Dissimilar  bands  would  give  higher 
differences  in  the  means.  It  may  also  be  observed  in  the  graphs  presented  in  Figure  5-1. 
Similar  bands  give  similar  plots.  For  example  in  the  east  area,  the  graph  SPl  is  similar  to 
the  graph  TX4  but  dissimilar  to  the  graph  TX27.  Therefore,  addition  of  the  band  TX27  to 
the  band  SPl  is  expected  to  give  better  land  cover  recognition  than  addition  of  the  band 
TX4.  The  plot  also  depicts  the  differences  in  the  standard  deviations.  For  example,  the 
graph  TX7  has  comparatively  smaller  standard  deviations  than  that  of  the  graph  TX8.  The 
larger  standard  deviation  of  the  class  DN  values  depicts  the  larger  variations  within  the 
class  DN  values  and  the  possibility  of  including  more  noise.  In  such  cases,  the  differences 
in  the  means  between  class  pairs  are  lost  out  in  the  variation  within  the  classes.  That  is. 
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bands  with  higher  difference  among  the  means  and  smaller  standard  deviations  are 
expected  to  be  helpful  towards  the  land  cover  class  distinction. 

To  recognize  the  dissimilar  bands,  following  empirical  technique  is  followed. 
Differences  of  each  of  the  class  means  of  a given  band  with  each  of  the  other  bands  are 
computed.  The  mean  differences  (absolute  values)  are  totaled  up  for  each  of  the  bands. 
Larger  total  absolute  differences  of  the  means  indicates  higher  variation  among  means, 
consequently  the  band  is  most  dissimilar  to  the  other  bands.  The  standard  deviations  of 
each  of  the  classes  are  totaled  up  for  each  of  the  bands.  Smaller  total  standard  deviations 
indicates  lesser  amount  of  noise.  The  bands  are  sorted  and  ranked  by  both  the  total  mean 
differences  and  the  total  standard  deviations.  Data  are  presented  in  Table  6-4  and  Table  6- 
5 for  the  eastern  and  the  western  areas  respectively.  The  tables  are  used  to  choose  the 
appropriate  band  combinations.  The  criteria  are  - a.  most  dissimilar  pattern  or  larger  total 
differences  in  means,  and  b.  least  amount  of  noise  or  smaller  total  standard  deviations. 
Bands  with  comparatively  smaller  total  mean  differences  and  larger  total  standard 
deviations  are,  some  what  arbitrarily,  dropped.  Because,  the  spectral  bands  contain  the 
original  DN  values  out  of  which  other  texture  bands  are  computed,  the  spectra!  bands  are 
used.  On  the  other  hand;  because,  computing  the  kernel  averages  is  similar  to  masking  the 
roughness.  Therefore,  bands  created  by  computing  the  kernel  averages  are  not  considered. 
The  bands  used  in  further  classification  are  listed  below.  Because,  the  prior  knowledge  of 
probability  of  occurrence  is  available  the  Bayesian  technique  of  classification  is  used. 
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East  Area 

Spectral  - TM2/3 
Spectral  - TM4 
Spectral  - TM5 
Correlatior/Vertical  - TM5 
CorrelationA^ ertical  - TM4 
Correlation/Horizontal  - TM4 
CorrelationA^ ertical  - TM2/3 
Correlation/Horizontal  - TM5 
Contrast/Vertical  - TM2/3 
Contrast/Horizontal  - TM2/3 
ContrastA^ ertical  - TM4 

The  classification  accuracies  obtained 

error  or  confusion  matrices  are  reported  in  Ta 


West  Area 

Spectral  - TM2 

Spectral  - TM3 

Spectral  - TM4 

CorrelatioiVV ertical  - TM4 

Correlation/Horizontal  - TM4 

Correlation/Horizontal  - TM2 

CorrelationA^ertical  - TM2 

CorrelationA^ ertical  - TM3 

ContrastA^ertical  - TM3 

ContrastA^ ertical  - TM2 

Ang.  Sec.  Mom./Horizontal  - TM4 

using  above  band  combinations  and 

6-6  and  Table  6-7  for  the  eastern  and 


western  areas  respectively.  Its  improvement  of  the  overall  accuracy  over  the  reference 
accuracy  is  180%  (the  eastern  area)  and  78%  (the  western  area).  The  summary  of  the 
accuracy  values  is  given  below. 


East  Area 

Overall  Accuracy 

K - value 

Reference:  Four  Bands  (TM2,  TM3,  TM4,  TM5), 
Gaussian,  30-m  resolution 

0.141 

0.110 

New  Combinations:  1 1 Bands,  Bayesian,  10  m 

West  Area 

0.395 

0.295 

Reference:  Three  Bands  (TM2,  TM3,  TM4), 
Gaussian,  30-m  resolution 

0.265 

0.232 

New  Combinations:  1 1 Bands,  Bayesian,  30  m 

0.471 

0.410 

No. 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

11 

12 

13 

14 

15 

16 

17 

18 

19 

20 

21 

22 

23 

24 

25 

26 

27 

28 

29 

30 
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Table  6-4:  Total  Mean  Differences  and  Total  Standard  Deviations  - East  Area. 

3 Spectral  bands  and  27  Textural  bands. 

32  Level  11  land  cover  classes.  10x10  m pixel. 

Total 

absolute  Total 

Band  Band  No.  differences  St.  Dev. 


Non  Directional 


Spectral  (TM2/TM3) 

SPl 

65349 

368 

Spectral  (TM4) 

SP2 

65399 

336 

Spectral  (TM5) 

SP3 

68413 

703 

Average  (TM2/TM3) 

TX4 

67903 

635 

Standard  Deviation  (TM2/TM3) 

TX5 

70341 

836 

Entropy  (TM2/TM3) 

TX6 

84459 

1204 

Average  (TM4) 

TX7 

82587 

600 

Standard  Deviation  (TM4) 

TX8 

65309 

939 

Entropy  (TM4) 

TX9 

87159 

1098 

Average  (TM5) 

TXIO 

68373 

645 

Standard  Deviation  (TM5) 

TXll 

67575 

827 

Entropy  (TM5) 

TX12 

92827 

1100 

Directional  - Horizontal 

Ang.  Sec.  Mom.  (TM2/TM3) 

TX13 

66021 

930 

Contrast  (TM2/TM3) 

TX14 

79697 

762 

Correlation  (TM2/TM3) 

TX15 

131607 

975 

Ang.  Sec.  Mom.  (TM4) 

TX16 

65647 

851 

Contrast  (TM4) 

TX17 

76009 

828 

Correlation  (TM4) 

TX18 

138331 

573 

Ang.  Sec.  Mom.  (TM5) 

TX19 

66693 

771 

Contrast  (TM5) 

TX20 

77205 

778 

Correlation  (TM5) 

TX21 

134823 

792 

Directional  - Vertical 


Ang.  Sec.  Mom.  (TM2/TM3) 

TX22 

67253 

807 

Contrast  (TM2/TM3) 

TX23 

82319 

606 

Correlation  (TM2/TM3) 

TX24 

135243 

806 

Ang.  Sec.  Mom.  (TM4) 

TX25 

66641 

761 

Contrast  (TM4) 

TX26 

78441 

714 

Correlation  (TM4) 

TX27 

139083 

577 

Ang.  Sec.  Mom.  (TM5) 

TX28 

66633 

785 

Contrast  (TM5) 

TX29 

78095 

772 

Correlation  (TM5) 

TX30 

140679 

520 

Rank 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

11 

12 

13 

14 

15 

16 

17 

18 

19 

20 

21 

22 

23 

24 

25 

26 

27 

28 

29 

30 
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Table  6-4:  Continued. 


Sorted  by  total  absolute  Sorted  by  total  standard 

differences - deviations 


TX30 

140679 

TX27 

139083 

TX18 

138331 

TX24 

135243 

TX21 

134823 

TX15 

131607 

TX12 

92827 

TX9 

87159 

TX6 

84459 

TX7 

82587 

TX23 

82319 

TX14 

79697 

TX26 

78441 

TX29 

78095 

TX20 

77205 

TX17 

76009 

TX5 

70341 

SP3 

68413 

TXIO 

68373 

TX4 

67903 

TXll 

67575 

TX22 

67253 

TX19 

66693 

TX25 

66641 

TX28 

66633 

TX13 

66021 

TX16 

65647 

SP2 

65399 

SPl 

65349 

TX8 

65309 

SP2 

336 

SPl 

368 

TX30 

520 

TX18 

573 

TX27 

577 

TX7 

600 

TX23 

606 

TX4 

635 

TXIO 

645 

SP3 

703 

TX26 

714 

TX25 

761 

TX14 

762 

TX19 

771 

TX29 

772 

TX20 

778 

TX28 

785 

TX21 

792 

TX24 

806 

TX22 

807 

TXll 

827 

TX17 

828 

TX5 

836 

TX16 

851 

TX13 

930 

TX8 

939 

TX15 

975 

TX9 

1098 

TX12 

1100 

TX6 

1204 

No. 

1 

2 

3 

4 

5 

6 

7 

8 

9 

10 

11 

12 

13 

14 

15 

16 

17 

18 

19 

20 

21 

22 

23 

24 

25 

26 

27 

28 

29 

30 
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Table  6-5:  Total  Mean  Differences  & Total  Standard  Deviations  - West  Area. 

3 Spectral  bands  and  27  Textural  bands. 

34  Level  11  land  cover  classes.  30x30  m pixel. 

Total 

absolute  Total 


Band 

Band  No. 

differences 

St.  Dev. 

Non  Directional 

Spectral  (TM2) 

SPl 

73038 

867 

Spectral  (TM3) 

SP2 

74643 

953 

Spectral  (TM4) 

SP3 

90314 

1080 

Average  (TM2) 

TX4 

71331 

870 

Standard  Deviation  (TM2) 

TX5 

73469 

805 

Entropy  (TM2) 

TX6 

102930 

1568 

Average  (TM3) 

TX7 

72949 

982 

Standard  Deviation  (TM3) 

TX8 

72665 

900 

Entropy  (TM3) 

TX9 

102393 

1270 

Average  (TM4) 

TXIO 

90487 

1332 

Standard  Deviation  (TM4) 

TXll 

71294 

1085 

Entropy  (TM4) 

TX12 

120475 

1167 

Directional  - Horizontal 

Ang.  Sec.  Mom.  (TM2) 

TX13 

72532 

935 

Contrast  (TM2) 

TX14 

80692 

1040 

Correlation  (TM2) 

TX15 

136047 

966 

Ang.  Sec.  Mom.  (TM3) 

TX16 

71980 

836 

Contrast  (TM3) 

TX17 

80722 

1059 

Correlation  (TM3) 

TX18 

132608 

1109 

Ang.  Sec.  Mom.  (TM4) 

TX19 

80865 

451 

Contrast  (TM4) 

TX20 

80784 

1008 

Correlation  (TM4) 

TX21 

141382 

913 

Directional  - Vertical 

Ang.  Sec.  Mom.  (TM2) 

TX22 

72494 

935 

Contrast  (TM2) 

TX23 

82599 

941 

Correlation  (TM2) 

TX24 

135472 

982 

Ang.  Sec.  Mom.  (TM3) 

TX25 

71945 

845 

Contrast  (TM3) 

TX26 

83338 

910 

Correlation  (TM3) 

TX27 

134748 

978 

Ang.  Sec.  Mom.  (TM4) 

TX28 

79160 

503 

Contrast  (TM4) 

TX29 

80775 

1010 

Correlation  (TM4) 

TX30 

141729 

854 
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Table  6-5:  Continued. 


Rank 

Sorted  by  total  absolute 
differences 

Sorted  by  total  standard 
deviations 

1 

TX30 

141729 

TX19 

451 

2 

TX21 

141382 

TX28 

503 

3 

TX15 

136047 

TX5 

805 

4 

TX24 

135472 

TX16 

836 

5 

TX27 

134748 

TX25 

845 

6 

TX18 

132608 

TX30 

854 

7 

TX12 

120475 

SPl 

867 

8 

TX6 

102930 

TX4 

870 

9 

TX9 

102393 

TX8 

900 

10 

TXIO 

90487 

TX26 

910 

11 

SP3 

90314 

TX21 

913 

12 

TX26 

83338 

TX13 

935 

13 

TX23 

82599 

TX22 

935 

14 

TX19 

80865 

TX23 

941 

15 

TX20 

80784 

SP2 

953 

16 

TX29 

80775 

TX15 

966 

17 

TX17 

80722 

TX27 

978 

18 

TX14 

80692 

TX24 

982 

19 

TX28 

79160 

TX7 

982 

20 

SP2 

74643 

TX20 

1008 

21 

TX5 

73469 

TX29 

1010 

22 

SPl 

73038 

TX14 

1040 

23 

TX7 

72949 

TX17 

1059 

24 

TX8 

72665 

SP3 

1080 

25 

TX13 

72532 

TXll 

1085 

26 

TX22 

72494 

TX18 

1109 

27 

TX16 

71980 

TX12 

1167 

28 

TX25 

71945 

TX9 

1270 

29 

TX4 

71331 

TXIO 

1332 

30 

TXll 

71294 

TX6 

1568 
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Table  6-6  : Accuracy  Report : East  Area  - Part  2. 

CLASSIFICATION  ACCURACY  ASSESSMENT  REPORT 
Area  : East  of  Tampa,  Florida.  Size  : About  25  kilometers  EW  & 27  kilometers  NS. 

Image  :1 1 bands  - TM2/3,  TM4,  TM5,  Correlation/vertical  - TM5,  Correlation/vertical  - TM4, 
Correlation/horizontal  - TM4,  Correlation/vertical  - TM2/3,  Correlation/horiontal  - TM5, 
Contrast/vertical  - TM2/3,  Contrast/horizontal  - TM2/3,  and  Contrast/vertical  - TM4. 

Land  cover  - II  level : 32  classes.  Pixel  size  : lOmxlOm 


KAPPA  (K^)  STATISTICS  : 


Class 

Reference 

Classified 

Number 

Producers 

Users 

Conditional  'K'  for  each 

Name 

Totals 

Totals 

Correct 

Accuracy 

Accuracy 

■K' 

Unclassified 

0 

0 

0 



0.00 

Classl  10 

27 

12 

3 

0.11 

0.25 

0.19 

Class  120 

0 

6 

0 

— 

— 

0.00 

Class  130 

13 

3 

1 

0.08 

0.33 

0.31 

Class  140 

0 

3 

0 

— 

--- 

0.00 

Class  150 

0 

5 

0 

— 

--- 

0.00 

Class  160 

30 

9 

4 

0.13 

0.44 

0.39 

Classl  70 

0 

0 

0 

— 

— 

0.00 

Class  180 

8 

3 

2 

0.25 

0.67 

0.66 

Class  190 

1 

9 

0 

0.00 

0.00 

0.00 

Class210 

121 

113 

74 

0.61 

0.65 

0.47 

Class220 

30 

2 

1 

0.03 

0.50 

0.45 

Class230 

11 

2 

2 

0.18 

1.00 

1.00 

Class240 

0 

1 

0 

— 

— 

0.00 

Class250 

0 

3 

0 

— 

— 

0.00 

Class260 

3 

6 

0 

0.00 

0.00 

-0.01 

Class310 

1 

1 

0 

0.00 

0.00 

0.00 

Class320 

7 

3 

0 

0.00 

0.00 

-0.02 

Class330 

0 

0 

0 

— 

— 

0.00 

Class410 

7 

3 

0 

0.00 

0.00 

-0.02 

Class420 

0 

0 

0 

— 

— 

0.00 

Class430 

19 

34 

2 

0.11 

0.06 

0.00 

Class520 

9 

2 

2 

0.22 

1.00 

1.00 

Class530 

0 

4 

0 

— 

— 

0.00 

Class610 

30 

45 

27 

0.90 

0.60 

0.56 

Class620 

10 

11 

8 

0.80 

0.73 

0.72 

Class630 

2 

1 

0 

0.00 

0.00 

-0.01 

Class640 

13 

52 

8 

0.62 

0.15 

0.12 

Class650 

0 

0 

0 

— 

— 

0.00 

Class740 

1 

0 

0 

— 

— 

0.00 

ClassSlO 

6 

9 

4 

0.67 

0.44 

0.43 

Class820 

0 

0 

0 

— 

— 

0.00 

Class830 

0 

7 

0 

— 

... 

0.00 

Totals ; 

349 

349 
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Overall  Classification  Accuracy  = 0.3954  Overall  Kappa  Statistics  = 0.2951 


Table  6-6  - Continued.  ERROR  MATRIX 

Reference  Data  Sample  Size  : 349. 

Classified 

Data  ClassllO  Classl30  Classl60  ClasslSO  Classl90  Class2IO  Class220  Class230  Class260  Class310  Class320 


138 


— (N  — 


r- 


o 

cn 


oo  — m 


o 


cn  cn  (N  — 


— — m 


r-* 

(N 


o 

o 

o 

O 

o 

o 

o 

o 

o 

o 

o 

o 

o 

O 

O 

o 

o 

O 

o 

O 

o 

o 

O 

O 

O 

O 

(N 

lO 

so 

oo 

On 

(N 

m 

to 

SO 

— 

(N 

(N 

fO 

— 

(N 

fO 

m 

— 

1— 

CN 

CN 

(N 

CN 

(N 

(N 

in 

«o 

so 

SO 

so 

SO 

00 

oo 

c/5 

c/5 

c/5 

c/5 

c/5 

c/5 

c/5 

c/5 

c/5 

c/5 

c/5 

c/5 

c/5 

c/5 

c/5 

c/5 

c/5 

c/5 

c/5 

c/5 

c/5 

c/5 

CO 

CO 

CO 

CO 

c/5 

(/i 

C/5 

cn 

C/5 

C/5 

C/5 

C/5 

C/5 

C/5 

C/5 

C/5 

C/5 

C/5 

C/5 

C/5 

C/5 

C/5 

C/5 

C/5 

C/5 

CO 

CO 

CO 

CO 

to 

cd 

cd 

cd 

cd 

Cd 

Cd 

Cd 

Cd 

Cd 

Cd 

Cd 

Cd 

Cd 

Cd 

Cd 

Cd 

Cd 

Cd 

Cd 

Cd 

Cd 

Cd 

Cd 

cd 

cd 

cd 

uuuuuuuuuuuuu  uuuuuuuuuuuuu 


CS 

o 

H 

c 

E 


o 

U 


Please  refer  to  the  "Table  3-2:  Land  Cover  Classes",  for  the  class  description. 


Classified 

Pata  Class410  Class430  Class520  Class610  Class620  Class630  Class640  Class740  ClassSlO  Row  Total 
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Table  6-7  : Accuracy  Report : West  Area  - Part  2. 

CLASSIFICATION  ACCURACY  ASSESSMENT  REPORT 

Area  ; North  West  of  Tampa,  Florida.  Size  : About  24  kilometers  EW  & 28  kilometers  NS. 

Image  : 1 1 bands  - TM2,  TM3,  TM4,  Correlation/vertical  - TM4,  Correlation/horizontal  - TM4, 
Correlation/horizontal  - TM2,  Correlation/vertical  - TM2,  Correlation/vertical  - TM3, 

Contrast/vertical  - TM3,  Contrast/vertical  - TM2,  and  Ang.  Sec.  Mom. /horizontal  - TM4. 

Land  cover  - II  level : 34  classes.  Pixel  size  : 30mx30m 

KAPPA  (K^)  STATISTICS  ; 

Class  Reference  Classified  Number  Producers  Users  Conditional  'K'  for  each  Class, 
Name  Totals  Totals  Correct  Accuracy  Accuracy  'K' 


Unclassified 

0 

1 

0 

Class  1 10 

14 

3 

0 

Class  120 

0 

9 

0 

Classl30 

63 

72 

49 

Class  140 

0 

7 

0 

Class  150 

0 

5 

0 

Class  160 

4 

0 

0 

Class  170 

0 

0 

0 

Class  180 

8 

10 

4 

Class  190 

16 

2 

1 

Class210 

55 

61 

44 

Class220 

4 

3 

0 

Class230 

0 

0 

0 

Class240 

0 

0 

0 

Class250 

0 

0 

0 

Class260 

11 

1 

0 

Class320 

13 

11 

0 

Class330 

0 

0 

0 

Class410 

28 

29 

15 

Class420 

0 

0 

0 

Class430 

7 

0 

0 

Class510 

21 

0 

0 

CIass520 

0 

7 

0 

Class530 

0 

11 

0 

Class540 

0 

4 

0 

Class610 

37 

36 

19 

Class620 

26 

34 

21 

Class630 

7 

6 

0 

Class640 

9 

9 

1 

Class650 

2 

4 

1 

Class740 

1 

4 

1 

Class810 

1 

2 

0 

Class820 

0 

0 

0 

CIass830 

0 

0 

0 

Class910 

4 

0 

0 

Totals  : 

331 

331 

156 

Overall  Classification  Accuracv 

= 0.4713 

0.00 


0.00 

0.00 

-0.04 

- 

- 

0.00 

0.78 

0.68 

0.61 

0.00 

0.00 

0.00 

0.00 


0.50  0.40  0.39 

0.06  0.50  0.47 

0.80  0.72  0.67 

0.00  0.00  -0.01 

0.00 

0.00 

0.00 

0.00  0.00  -0.03 

0.00  0.00  -0.04 

0.00 

0.54  0.52  0.47 


0.00 

0.00 

0.00 

0.00 

0.00 

0.00 


0.51 

0.53 

0.47 

0.81 

0.62 

0.59 

0.00 

0.00 

-0.02 

0.11 

0.11 

0.09 

0.50 

0.25 

0.25 

1.00 

0.25 

0.25 

0.00 

0.00 

0.00 

0.00 

0.00 

0.00 


Overall  Kappa  Statistics  = 0,4 1 00 


Reference  Data  Sample  Size  : 33 1 . 

Classiried 

Data  ClassllO  Class  130  Class  160  Class  180  Class  190  Class210  Class220  Class260  Class320  Class410  Class430 
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Please  refer  to  the  "Table  6- 1 : Land  Cover  Classes",  for  the  class  description. 


Classified 

-Data  ClassSlO  Class610  Class620  Class630  Class640  Class650  Class740  ClassSlO  Class910  Row  Total 
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Column  Total 


143 


Accuracy  Analysis — Part  3 

The  above  analysis  shows  that  discarding  many  of  the  non-essential  bands  does, 
though  marginally,  improve  the  accuracies.  To  further  maximize  the  class  identification 
accuracy  value,  a number  of  steps  are  taken.  First,  a correlation  analysis  is  conducted  to 
check  if  there  is  any  high  correlation  among  this  multitude  of  bands.  The  significant 
correlation  coefficients  are  given  in  Table  6-8.  The  high  correlation  between  any  two 
bands  might  indicate  that  they  are  providing  the  same  information  and  that  they  may  be 
combined  together  using  principal  components  transformation,  thus  reducing  the  overall 
dimensionality.  As  expected,  there  is  high  correlation  between  the  spectral  band  and  its 
“3  X 3 window  average”  band.  A moderate  amount  of  correlations  are  also  recorded 
between  the  “Horizontal,  Angular  Second  Moment  (ASM)”  band  and  the  “Vertical  ASM” 
band;  between  the  “Contrast”  band  and  the  “Correlation”  band;  between  the  “Standard 
Deviation”  band  and  the  “Contrast”  band;  and  between  the  “Entropy”  band  and  the 
“ASM”  band. 

Second,  the  standard  deviation  values  of  any  given  band  for  the  land-cover  classes 
also  indicate  the  usefulness  of  the  band.  The  high  standard  deviations  for  the  classes  are 
assumed  to  be  detrimental  to  the  proper  classification.  The  low  standard  deviations  are 
assumed  to  be  good. 

To  reduce  the  dimensionality,  both  the  correlation  coefficient  values  and  the 
standard  deviations  of  the  bands  are  considered.  That  way,  the  “average”  measure  is 
omitted  because  it  does  not  give  any  extra  information.  The  relationship  between  the 
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Table  6-8  : Significant  Correlation  Coefficients. 

Correlation  Coefficients  between  the  Band  A and  the  Band  B, 

The  high  and  the  moderate  correlation  coefficients  in  the  East  and  the  West  sites. 


Band  A 

Eastern  Site  : 

Description 

Band  B 

Description 

Correlation 
Coeffecient 
between  A & B 

1 

TM2/TM3 

4 

TM2/TM3  - Average 

0.96 

2 

TM4 

7 

TM4  - Average 

0.95 

3 

TM5 

10 

TM5  - Average 

0.97 

5 

TM2/TM3  - St.  Dev. 

14 

TM2/TM3  - Contrast,  Horizontal 

0.81 

5 

TM2/TM3  - St.  Dev. 

23 

TM2/TM3  - Contrast,  Vertical 

0.82 

6 

TM2/TM3  - Entropy 

13 

TM2/TM3  - Ang  Sec  Mom,  Hori. 

-0.82 

6 

TM2/TM3  - Entropy 

22 

TM2/TM3  - Ang  Sec  Mom,  Ver. 

-0.82 

9 

TM4  - Entropy 

16 

TM4  - Ang  Sec  Mom,  Horizontal 

-0.81 

9 

TM4  - Entropy 

25 

TM4  - Ang  Sec  Mom,  Vertical 

-0.81 

12 

TM5  - Entropy 

19 

TM5  - Ang  Sec  Mom,  Horizontal 

-0.81 

12 

TM5  - Entropy 

28 

TM5  - Ang  Sec  Mom,  Vertical 

-0.82 

13 

TM2/TM3  - Ang  Sec  Mom,  Hor. 

22 

TM2/TM3  - Ang  Sec  Mom,  Ver. 

0.90 

14 

TM2/TM3  - Contrast,  Horizontal 

15 

TM2/TM3  - Correlation,  Hor. 

-0.82 

16 

TM4  - Ang  Sec  Mom,  Horizontal 

25 

TM4  - Ang  Sec  Mom,  Vertical 

0.86 

17 

TM4  - Contrast,  Horizontal 

18 

TM4  - Correlation,  Horizontal 

-0.83 

19 

TM5  - Ang  Sec  Mom,  Horizontal 

28 

TM5  - Ang  Sec  Mom,  Vertical 

0.88 

23 

TM2/TM3  - Contrast,  Vertical 

24 

TM2/TM3  - Correlation,  Vertical 

-0.80 

26 

TM4  - Contrast,  Vertical 

27 

TM4  - Correlation,  Vertical 

-0.85 

Band  A 

Western  Site : 

Description 

Band  B 

Description 

Correlation 
Coeffecient 
between  A & B 

1 

TM2 

2 

TM3 

0.96 

4 

TM2  - Average 

7 

TM3  - Average 

0.98 

5 

TM2  - St.  Dev. 

8 

TM3  - St.  Dev. 

0.95 

14 

TM2  - Contrast,  Horizontal 

17 

TM3  - Contrast,  Horizontal 

0.94 

15 

TM2  - Correlation,  Horizontal 

18 

TM3  - Correlation,  Horizontal 

0.86 

16 

TM3  - Ang  Sec  Mom,  Horizontal 

25 

TM3  - Ang  Sec  Mom,  Vertical 

0.89 

19 

TM4  - Ang  Sec  Mom,  Horizontal 

28 

TM4  - Ang  Sec  Mom,  Vertical 

0.95 

23 

TM2  - Contrast,  Vertical 

26 

TM2  - Contrast,  Vertical 

0.94 

24 

TM2  - Correlation,  Vertical 

27 

TM2  - Correlation,  Vertical 

0.87 

Correlations  observed  : 

Strong;  Between  the  Spectral  band  and  its  Average. 

Moderate:  Between  Ang.Sec.Mom.  - Horizontal  and  Ang.Sec.Mom  - Vertical. 

Moderate:  Between  Contrast  and  Correlation. 

Moderate:  StandardDeviation  and  Contrast. 

Moderate;  Between  Entropy  and  Ang.  Sec.  Mom. 

Modifications : 

The  Average  Bands  are  dropped. 

The  Ang.  Sec.  Mom.  - Horizontal  and  the  Ang.  Sec.  Mom.  - Vertical  bands  are  combined. 
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Horizontal  ASM”  band  and  the  “Vertical  ASM”  band  is  also  recognized,  and  they  are 
combined  together. 

Third,  the  distance  between  a given  pair  of  land-cover  classes  illustrates  the 
practicality  of  keeping  the  two  classes  distinct.  The  distances  are  measured  using  the 
Jefferies-Matushita  (J-M)  distance.  The  J-M  distance  is  one  of  the  measure  to  describe 
the  distance  between  the  DN  value  clusters  of  the  two  land  cover  classes  in  the  feature 
space.  The  J-M  distance  varies  between  0 and  1414,  higher  the  value  better  the 
distinction.  If  the  J-M  distance  is  too  small  for  a given  class  pair,  then  these  two  classes 
may  be  considered  too  close  and  may  be  combined  together  as  one  class.  This  reduces  the 
number  of  classes  that  are  distinguishable.  The  J-M  distances  for  each  of  the  class  pairs 
using  all  of  the  bands  are  calculated  and  are  summarized  in  Table  6-9.  The  smaller  J-M 
distances  calculated  for  all  the  bands  together  are  highlighted  in  the  table.  Considering 
both  the  J-M  distances  and  the  Check  J-M  distance  characteristics  of  the  land-cover 
classes  (for  example,  classes  520  and  530  are  water  bodies),  the  following  classes  are 
recognized  as  too  close  and  are  combined  together: 

Class  1 1 0 and  Class  120; 

Class  130,  Class  140,  Class  150,  and  Class  170;  and 

Class  230,  Class  240,  and  Class  250. 

Fourth,  as  earlier  noted,  there  is  a very  high  correlation  (r  = 0.96)  between  the 
TM2  and  the  TM3,  in  the  western  area.  Therefore,  the  combined  band  TM2/3  and  TM4 
only  are  for  further  analyses. 


Table  6-9  : Jefferies  - Matushita  Distances.  Bands  30  : Spectral  3 and  Texture  27. 

East  Area  ; Land  Cover  Level  II  Classes  - 32.  West  Area  : Land  Cover  Level  II  Classes  - 34. 
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Thus,  we  now  have  a new,  abbreviated  list  of  land-cover  classes  and  bands.  It  is 
presented  in  Tables  6-10  and  6-11. 

Fifth,  the  Bayesian  method  of  maximum-likelihood  classification  is  also 
employed,  where  the  prior  knowledge  of  probability  of  occurrence  is  assumed.  Here,  it 
may  seem  that  the  Bayesian  method  is  less  rigorous  or  needing  more  information  than  the 
Gaussian  method.  However,  it  is  not  the  case.  In  both  cases,  the  probability  of 
occurrences  of  each  of  the  classes  are  required.  Usually,  the  information  regarding  the 
probability  is  not  available.  In  such  cases,  the  Gaussian  method  is  applied,  which  simply 
assigns  equal  probability  values  for  each  of  the  classes.  Since  the  assumption  of  equality 
of  occurrences  is  not  correct,  the  method  gives  lower  accuracy  of  identification.  However, 
when  the  probabilities  are  known,  then  the  Bayesian  method,  which  factors  in  the 
probabilities,  is  appropriate  and  gives  better  classfication  accuracy. 

The  eastern  area  now  has  25  abbreviated  land-cover  classes,  three  spectral  bands, 
and  21  abbreviated  texture  bands.  First,  the  original  four  spectral  bands  with  30-m 
resolution  are  taken  and  classified  for  the  25  classes.  Their  accuracy  value  is  used  as  the 
new  reference  (Kappa  value — 0.252  and  Overall  accuracy — 0.282).  Then,  the  same  process 
is  repeated  with  the  different  combinations  of  the  bands  to  determine  the  best  accuracy 
values.  Both  the  normal  Gaussian  and  the  Bayesian  maximum-likelihood  methods  are 
employed. 

The  result  are  given  in  Table  6-12.  It  shows  that  the  higher  spatial  resolution  (10  m) 
actually  gives  slightly  less  accuracy  than  the  lower  resolution  (30  m).  However,  since 
higher  spatial  resolution  image  contains  more  information,  it  is  used  for  the  texture 
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Table  6-10:  Abbreviated  Land  Cover  Classes. 

FLUCCS  CODE  - “Florida  Land  Use,  Cover  and  Forms  Classification  System”. 
(Abbreviated  25  Classes)  (Level  II) 


East  Site 

West  Site 

No. 

Name 

Class  Combination 

No. 

Name 

Class  Combination 

1 

Class  112 

110&  120 

1 

Classll2 

110&  120 

2 

Clal3457 

130,  140,  150  & 170 

2 

Clal3457 

130,  140,  150  & 170 

Class  160 

3 

Class  160 

4 

Class  180 

4 

Class  180 

5 

Class  190 

5 

Class  190 

6 

Class210 

6 

Class210 

7 

Class220 

7 

Class220 

8 

Clas2345 

230,  240  & 250 

8 

Clas2345 

230,  240  & 250 

9 

Class260 

9 

Class260 

10 

Class310 

11 

Class320 

10 

Class320 

12 

Class330 

11 

Class330 

13 

Class410 

12 

Class410 

14 

Class420 

13 

Class420 

15 

Class430 

14 

Class430 

16 

Class523 

520  & 530 

15 

Class51234 

510,  520,  530  & 540 

17 

Class610 

16 

Class610 

18 

Class620  ‘ 

• V •» 

17  ■'* 

Class620'“*- 

19 

Class630 

18 

Class630 

20 

Class640 

19 

Class640 

21 

Class650 

20 

Class650 

22 

Class740 

21 

Class740 

23 

Class810 

22 

ClassSlO 

24 

Class820 

23 

Class820 

25 

Class830 

24 

Class830 

25 


Class910 
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Table  6-10:  Continued. 


Where, 


100  URBAN  AND  BUILT  UP 

1 10  Residential  low  density 

(<  2 Dwelling  units  per  acre) 

120  Residential  medium  density  (2-5) 

130  Residential  high  density  (>5) 

140  Commercial  and  services 

150  Industrial 

160  Extractive 

170  Institutional 

180  Recreational 

190  Open  land 

300  RANGELAND 

310  Herbaceous 

320  Shrub  and  brushland 

330  Mixed  rangeland 

500  WATER 

5 1 0 Streams  and  waterways 

520  Lakes 

530  Reservoirs 

540  Bays  and  estuaries 

550  Major  springs 

560  Slough  waters 

700  BARREN  LAND 

710  Beaches  other  than  swimmdng  beaches 
720  Sand  other  than  beaches 
730  Exposed  rock 
740  Disturbed  land 


200  AGRICULTURE 

2 1 0 Cropland  and  pastureland 

220  Tree  crops 

230  Feeding  operations 

240  Nurseries  and  vineyards 

250  Specialty  farms 

260  Other  open  lands  <rural> 


400  UPLAND  FORESTS 

410  Upland  coniferous  forest 
420  Upland  hardwood  forests  - part  1 
430  Upland  hardwood  forests  - part  2 
440  Tree  plantations 

600  WETLANDS 

610  Wetland  hardwood  forests 
620  Wetland  coniferous  forests 
630  Wetland  forested  mixed 
640  Vegetated  non-forested  wetlands 
650  Non- vegetated 

800  TRANSPORTATION,  COMMUNICATION 
AND  UTILITIES 
810  Transportation 
820  Communications 
830  Utilities 


900  SPECIAL  CLASSIFICATION 
910  Specific  given  class 


151 


Table  6-11  : Abbreviated  Bands  . 


East  Site:  3 Spectral  and  21  Texture  bands. 

West  Site: 

2 Spectral  and  14  Texture  bands. 

NO 

BAND 

NO 

BAND 

1 

Spectral  TM2ATM3 

1 

Spectral  TM2/TM3 

2 

Spectral  TM4 

2 

Spectral  TM4 

3 

Spectral  TM5 

Texture  : Non-directional 

Texture  : Non-directional 

4 

Standard  Deviation  (TM2ATM3) 

3 

Standard  Deviation  (TM2/TM3) 

5 

Entropy  (TM2ATM3) 

4 

Entropy  (TM2/TM3) 

6 

Standard  Deviation  (TM4) 

5 

Standard  Deviation  (TM4) 

7 

Entropy  (TM4) 

6 

Entropy  (TM4) 

8 

Standard  Deviation  (TM5) 

9 

Entropy  (TM5) 

Texture  : Directional 

Texture  : Directional 

10 

Angular  Second  Momemts  (TM2ATM3) 

7 

Angular  Second  Momemts  (TM2/TM3) 

(Horizontal  & Vertical  merged) 

(Horizontal  & Vertical  merged) 

11 

Angular  Second  Momemts  (TM4) 

8 

Angular  Second  Momemts  (TM4) 

(Horizontal  & Vertical  merged) 

(Horizontal  & Vertical  merged) 

12 

Angular  Second  Momemts  (TM5) 

(Horizontal  & Vertical  merged) 

Texture  : Directional  - Horizontal 

Texture  : Directional  - Horizontal 

13 

Contrast  (TM2/TM3) 

9 

Contrast  (TM2/TM3) 

14 

Correlation  (TM2/TM3) 

10 

Correlation  (TM2/TM3) 

15 

Contrast  (TM4) 

II 

Contrast  (TM4) 

16 

Correlation  (TM4) 

12 

Correlation  (TM4) 

17 

Contrast  (TM5) 

18 

Correlation  (TM5) 

Texture  : Directional  - Vertical 

Texture  : Directional  - Vertical 

19 

Contrast  (TM2/TM3) 

13 

Contrast  (TM2/TM3) 

20 

Correlation  (TM2/TM3) 

14 

Correlation  (TM2ATM3) 

21 

Contrast  (TM4) 

15 

Contrast  (TM4) 

22 

Correlation  (TM4) 

16 

Correlation  (TM4) 

23 

Contrast  (TM5) 

24 

Correlation  (TM5) 
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measurements  and  further  analysis.  It  may  also  be  noted  that  the  larger  pixel  size  may  act 
like  a averaging  mask  and  lower  the  texture  values.  Abbreviation  of  the  land-cover  classes 
to  25  improved  the  accuracy  appreciably.  The  Bayesian  classification  system  gave  much 
higher  accuracy  than  the  normal  Gaussian  system.  The  use  of  all  the  texture  bands  (21) 
again  lowered  the  accuracy  value  (Gaussian,  Kappa — 0.142  and  Overall  accuracy — 0.169). 
To  determine  which  of  the  texture  bands  gives  better  results,  separate  accuracy  analysis  is 
conducted  for  each  of  them  (Spectral  bands — three  and  texture  bands — three,  one  texture 
measure  for  each  of  the  three  spectral  bands).  The  best  three  results  are  Entropy  (Bayesian, 
Kappa  0.421  and  Overall  accuracy — 0.502);  the  Correlation — Horizontal  (Bayesian, 
Kappa  0.355  and  Overall  accuracy — 0.443);  and  Correlation — Vertical  (Bayesian, 
Kappa  0.344  and  Overall  accuracy — 0.437).  These  three  texture  bands  and  spectral  bands 
(Spectral  - 3,  Entropy  - 3,  Correlation/Hor.  - 3,  and  CorrelationA^ert.  - 3)  are  put  together 
and  accuracy  analysis  is  repeated.  The  resulting  accuracy  decreased  (Bayesian,  Kappa — 
0.349  and  Overall  accuracy — 0.434).  Again,  the  process  is  repeated  with  only  the  top  two 
texture  bands  bands  (Spectral  - 3,  Entropy  - 3,  and  Correlation/Hor.  - 3).  It  gave  the  best 
result  (Bayesian,  Kappa — 0.43^  and  Overall  accuracy — 0.513).  Its  improvement  of  the 
overall  accuracy  over  the  reference  accuracy  is  79%.  The  table  also  suggests  that  among  the 
band  combinations  tested,  the  optimal  band  number  is  nine  (as  compared  to  6 and  12)  in 
this  particular  case. 

The  image  of  the  western  area,  with  its  14  abbreviated  texture  bands  and  tw’o 
spectral  bands,  is  used  for  the  classification,  according  to  the  25  abbreviated  land-cover 
classes.  First,  the  original  three  spectral  bands  are  classified  into  25  classes,  and  the 
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accuracy  value  is  used  as  the  new  reference  (Kappa  value — 0.381  and  Overall  accuracy — 
0.420).  Then,  to  determine  the  best  accuracy  values,  the  same  process  is  repeated  using 
different  combinations  of  the  bands.  Both  the  normal  Gaussian  and  the  Bayesian  maximum- 
likelihood  methods  are  employed. 

The  result  shows  that  the  abbreviation  of  the  land-cover  classes  to  25  improved 
the  accuracy  appreciably.  As  before,  the  Bayesian  classification  system  gave  a much 
better  accuracy  result  than  the  normal  Gaussian  system.  The  use  of  all  the  texture  bands 
(21)  again  lowered  the  accuracy  value  (Gaussian,  Kappa — 0.174  and  Overall  accuracy — 
0.191).  To  determine  which  of  the  texture  bands  gives  better  results,  separate  accuracy 
analysis  is  conducted  for  each  (Spectral  bands — three  and  Given  texture  bands — three). 
The  best  three  results  are  Entropy  (Bayesian,  Kappa — 0.396  and  Overall  accuracy — 
0.483);  the  Contrast — Horizontal  (Bayesian,  Kappa — 0.376  and  Overall  accuracy — 
0.459):  and  the  ASM— HorizontalA^ertical  (Bayesian,  Kappa— 0.375  and  Overall 
accuracy — 0.459).  These  three  texture  bands  are  put  together  with  the  spectral  bands,  and 
accuracy  analysis  is  repeated.  The  resulting  accuracy  using  bands  (Spectral  - 2,  Entropy  - 
2,  ASM-Hor.A/ert.  - 2,  and  Contrast-Hor.  - 2)  did  not  improve  appreciably  (Bayesian, 
Kappa — 0.379  and  Overall  accuracy — 0.459).  Again,  the  process  is  repeated  with  only 
the  top  two  texture  bands.  Since  the  accuracy  values  given  by  the  Contrast-Horizontal  and 
the  ASM-Hor.A^ert.  are  almost  same,  both  measures  are  put  to  test.  The  combination 
(Spectral  - 2,  Entropy  - 2,  and  ASM-Hor. A/^ert.  - 2)  higher  accuracy  values  (Bayesian, 
Kappa — 0.568  and  Overall  accuracy — 0.614).  However,  the  combination  (Spectral  - 2, 
Entropy  - 2,  and  Contrast-Hor.  - 2)  gave  lower  accuracy  values  (Bayesian,  Kappa — 0.253 


155 


and  Overall  accuracy — 0.293).  Thus,  the  best  band  combination  seems  to  be  the  Spectral 
- 2,  Entropy  - 2,  and  ASM-Hor.A^ert.  - 2. 

Its  improvement  of  the  overall  accuracy  over  the  reference  accuracy  is  46%.  The 
results  are  presented  in  Table  6-13.  The  table  also  suggests  that  among  the  band 
combinations  tested,  the  optimal  band  number  is  six  (as  compared  to  4 and  8)  in  this 
particular  case.  A summary  of  the  accuracy  values  is  given  below. 


East  Area 

Reference:  Four  Bands  (TM2,  TM3,  TM4,  TM5), 
Gaussian,  30-m  resolution 

Overall  Accuracy 

0.286 

K - value 

0.252 

Nine  Bands,  3x3  window  size,  Bayesian,  10  m 

0.513 

0.439 

West  Area 

Reference:  Three  Bands  (TM2,  TM3,  TM4), 
Gaussian,  30-m  resolution 

0.420 

0.381 

Six  Bands,  3x3  window  size,  Bayesian,  30  m 

0.614 

0.568 

Accuracy  Analysis — Part  4 

An  attempt  is  made  to  use  the  Hybrid  classification  system.  Using  the  known  land- 
cover  sites,  both  the  unsupervised  natural  clustering  of  the  DN  numbers  and  the  supervised 
training  of  the  image  processing  program  are  used.  First,  the  image  with  spectral  and  textui'e 
bands  is  subjected  to  the  unsupervised  (Iterative  Self  Organizing  Data  Analysis  Technique 
(ISODATA))  clustering.  Each  of  the  clusters  is  given  a nominal  class  value.  The  image  is 
classified  according  to  these  class  values.  Second,  the  digitized  GIS  land-cover  vector  map 
is  transformed  into  an  image  with  the  pixel  value  equal  to  the  corresponding  land-cover 
level  II  class  values.  These  two  images  are  compared  pixel  by  pixel,  and  a matrix,  which  is 
made  of  the  clusters  and  land-cover  classes,  is  created  showing  the  percentage  of  the 
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common  pixel  number  for  each  of  the  pairs.  If  there  is  an  appreciable  relationship  between  a 
given  cluster  with  a given  land-cover  class,  then  it  should  be  reflected  by  higher  percentage 
of  pixels  in  that  pair  tabulated  in  the  matrix. 

In  this  case,  40  clusters  were  created  using  the  image  with  abbreviated  bands  (Table 
6-11).  Since,  we  have  no  prior  knowledge  of  the  correlation  between  the  unsupervised 
clusters  with  the  land  cover  classes,  a few  more  clusters  than  25  are  taken.  The  number  25 
being  the  land  cover  classes  of  interest.  That  way,  the  clusters  with  least  association  with 
any  of  the  classes  may  be  discarded  later.  The  clusters  are  checked  against  25  abbreviated 
land-cover  level  II  classes  (Table  6-10).  The  parameters  used  are  the  ISODATA  clustering 
system.  Maximum  iteration — 20  (only  10  iterations  occurred  in  both  the  cases),  and 
Convergence  threshold— 0.95.  The  results  are  given  in  Tables  6-14  and  6-15  for  the  east 
and  the  west  areas,  respectively.  The  comparatively  larger  numbers  are  italicized.  Both  of 
the  matrices  do  not  show  any  appreciable  relationship  between  any  of  the  clusters  and  the 
land-cover  classes.  In  some  cases,  the  pixels  from  the  same  cluster  seem  to  represent  a 
number  of  land-cover  classes  more  often  than  a single  class.  While,  in  some  cases,  a land- 
cover  class  is  represented  by  pixels  from  a number  of  clusters  more  often  than  by  a single 
cluster.  Thus  the  “Hybrid”  technique  of  classification  is  not  further  pursued. 

Accuracy  Analysis — Part  5 

The  best  classification  accuracy  value  for  a given  land-cover  class  is  obtained  only 
when  a specific  band  combination  is  used.  The  best  band  combination  for  different  land 
cover  classes  are  different.  However,  the  present  software  allows  only  one  band 
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Table  6-14  : East  Area  - Matrix  for  the  Hybrid  Classification. 

Matrix  of  the  40  clusters  against  the  25  Landuse  II  Level  Classes  for  Hybrid  Classification. 
The  given  values  stand  for  the  percentage  of  the  pixels  occurring  which  are  common  to 
both  the  given  cluster  and  the  given  land  cover  class. 


LU  Classes  25  Values  in  Perce ntase  %. 


Cluster  40 

000 

112 

13457 

160 

180 

190 

210 

220 

2345 

260 

310 

320 

1 

1.9 

0.1 

0.3 

1.7 

1.7 

1.1 

0.2 

0.1 

0.3 

0.4 

0.2 

0.4 

2 

0.6 

0.1 

0.0 

1.2 

0.1 

0.1 

0.4 

0.3 

0.2 

0.2 

0.3 

0.2 

3 

0.6 

0.0 

0.0 

1.6 

0.1 

0.2 

0.0 

0.0 

0.1 

0.1 

0.0 

0.1 

4 

0.7 

0.7 

0.1 

0.7 

0.4 

0.3 

0.8 

0.7 

0.9 

1.5 

0.4 

0.5 

5 

0.3 

0.2 

0.1 

0.3 

0.1 

0.2 

1.0 

0.3 

0.4 

0.5 

0.3 

0.2 

6 

1.5 

0.4 

0.2 

3.1 

0.2 

0.6 

1.0 

1.3 

0.7 

0.9 

1.4 

1.6 

7 

1.3 

0.7 

0.3 

1.6 

0.7 

0.8 

3.1 

1.6 

1.6 

1.9 

1.5 

2.0 

8 

0.3 

0.2 

0.2 

0.5 

0.2 

0.5 

1.7 

0.4 

0.7 

0.6 

0.7 

0.4 

9 

0.8 

0.7 

0.5 

1.7 

1.0 

1.8 

5.5 

1.0 

2.1 

2.5 

2.4 

1.6 

10 

4.1 

1.4 

0.5 

3.5 

0.5 

0.9 

0.9 

4.2 

1.4 

1.2 

2.0 

3.0 

11 

5.5 

2.2 

1.0 

7.5 

0.8 

1.9 

1.7 

5.4 

2.4 

2.2 

4.4 

7.9 

12 

1.3 

1.3 

0.9 

2.3 

2.2 

3.0 

6.5 

1.6 

2.9 

3.9 

3.7 

2.0 

13 

1.8 

1.8 

1.5 

3.0 

2.9 

3.5 

9.6 

2.8 

4.7 

5.7 

3.8 

4.0 

14 

2.7 

2.4 

1.8 

3.7 

2.7 

4.6 

6.7 

4.8 

4.5 

5.6 

4.1 

7.3 

15 

9.0 

4.1 

1.8 

8.3 

1.2 

2.6 

2.0 

7.8 

3.6 

3.0 

5.9 

8.9 

16 

2.6 

4.6 

3.5 

3.7 

9.0 

5.9 

8.0 

4.2 

6.2 

6.8 

4.5 

3.1 

17 

3.2 

4.1 

3.9 

4.6 

4.1 

6.3 

8.3 

6.6 

5.4 

8.8 

5.4 

6.2 

18 

7.9 

7.2 

6.1 

6.0 

3.4 

5.5 

4.2 

10.6 

7.0 

5.4 

6.4 

14.9 

19 

6.9 

6.8 

4.2 

4.2 

2.4 

4.1 

2.7 

6.8 

4.2 

3.8 

7.1 

7.1 

20 

3.9 

7.4 

5.8 

4.6 

5.8 

7.9 

7.3 

8.4 

6.2 

8.7 

5.9 

4.8 

21 

4.7 

4.3 

3.5 

3.1 

5.3 

2.8 

2.4 

2.6 

4.7 

3.2 

3.9 

2.6 

22 

6.8 

10.8 

7.8 

3.3 

4.4 

5.3 

3.8 

6.1 

5.4 

4.9 

6.5 

5.1 

23 

2.7 

6.8 

10.7 

3.7 

13.3 

6.7 

3.3 

4.1 

6.0 

6.0 

2.2 

1.4 

24 

3.5 

6.4 

3.4 

2.5 

3.0 

4.7 

4.2 

4.5 

3.9 

4.3 

5.0 

2.9 

25 

2.5 

1.5 

2.2 

1.7 

5.8 

2.2 

1.3 

0.9 

3.4 

1.6 

1.6 

1.0 

26 

1.7 

3.1 

7.8 

1.6 

2.9 

2.6 

0.8 

0.9 

2.2 

1.3 

0.7 

0.5 

27 

2.6 

3.4 

3.1 

1.4 

4.2 

2.5 

1.6 

1.3 

2.4 

1.7 

2.2 

1.1 

28 

1.7 

2.0 

3.4 

1.1 

1.4 

1.3 

0.5 

0.8 

1.8 

0.9 

0.8 

0.6 

29 

2.2 

3.3 

1.8 

1.2 

1.5 

2.1 

1.9 

2.1 

1.8 

1.8 

2.8 

1.5 

30 

1.8 

0.8 

1.2 

1.2 

4.4 

1.6 

0.8 

0.5 

1.9 

0.8 

1.2 

0.6 

31 

1.3 

1.3 

1.0 

0.8 

0.7 

0.9 

0.5 

0.5 

0.9 

0.5 

1.0 

0.5 

32 

0.6 

0.4 

3.2 

1.4 

0.9 

1.3 

0.3 

0.2 

0.7 

0.5 

0.3 

0.2 

33 

0.8 

0.7 

0.7 

0.7 

0.7 

1.1 

0.5 

0.5 

0.9 

0.7 

0.9 

0.4 

34 

0.9 

0.8 

5.6 

1.7 

1.8 

2.2 

0.3 

0.2 

0.9 

0.5 

0.5 

0.3 

35 

1.9 

2.6 

1.5 

1.2 

2.0 

1.9 

1.4 

1.3 

1.7 

1.7 

2.1 

1.0 

36 

1.3 

1.0 

0.7 

1.1 

1.1 

1.1 

0.8 

0.8 

1.1 

1.0 

1.8 

0.8 

37 

3.4 

3.5 

2.1 

2.3 

2.6 

3.1 

3.2 

3.1 

3.1 

3.5 

5.5 

2.7 

38 

0.7 

0.7 

5.8 

2.7 

2.2 

3.1 

0.5 

0.5 

1.2 

1.1 

0.4 

0.4 

39 

1.8 

0.1 

0.3 

2.0 

1.8 

0.6 

0.3 

0.1 

0.5 

0.3 

0.3 

0.3 

40 

0.3 

0.1 

1.8 

1.4 

0.6 

1.2 

0.1 

0.1 

0.2 

0.3 

0.2 

0.1 

Total  = 

100 

100 

100 

100 

100 

100 

100 

100 

100 

100 

100 

100 

Pixel  No.  = 

67867 

258886 

73997 

103967 

15436 

26956 

514950 

110829 

31507 

25716 

6816 

47678 

Note;  Please  see  "TABLE  6-10  ; Abbreviated  Land  Cover  Classes",  for  notation  used. 
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Table  6-14:  Continued. 


330 

410 

420 

430 

523 

610 

620 

630 

640 

650 

740 

810 

820 

830 

2.0 

0.2 

0.2 

0.4 

9.7 

0.2 

0.1 

0.2 

0.7 

0.0 

1.8 

0.1 

0.0 

1.7 

0.3 

0.6 

0.7 

1.1 

7.0 

1.5 

1.6 

0.9 

0.3 

0.0 

0.2 

0.1 

0.0 

0.2 

0.5 

0.1 

0.0 

0.1 

15.3 

0.1 

0.1 

0.0 

0.2 

0.0 

0.4 

0.0 

0.0 

0.0 

1.4 

0.4 

0.9 

1.0 

3.4 

1.0 

2.0 

2.0 

0.7 

0.0 

0.3 

0.1 

0.0 

0.3 

0.2 

0.2 

0.2 

0.4 

4.2 

0.5 

0.8 

0.7 

0.4 

0.0 

0.1 

0.2 

0.0 

0.1 

1.1 

2.4 

2.2 

2.7 

2.5 

5.0 

6.8 

4.3 

1.8 

0.0 

0.9 

0.4 

0.0 

1.3 

1.2 

1.2 

1.6 

2.2 

1.3 

2.7 

3.7 

2.9 

1.8 

1.0 

0.9 

0.9 

0.0 

1.2 

0.1 

0.4 

0.6 

0.6 

0.7 

0.7 

0.6 

0.6 

0.7 

0.0 

0.4 

0.6 

0.0 

0.3 

0.3 

0.5 

0.6 

0.4 

0.5 

0.2 

0.3 

0.3 

2.2 

1.0 

1.2 

2.4 

2.5 

0.5 

2.8 

5.2 

7.5 

10.6 

2.4 

15.3 

11.2 

11.7 

3.0 

0.5 

0.8 

0.4 

0.0 

2.0 

4.3 

10.3 

8.2 

9.7 

3.3 

14.5 

16.7 

12.2 

5.1 

0.0 

2.9 

1.1 

0.0 

2.4 

0.7 

0.8 

0.8 

0.5 

0.9 

0.1 

0.2 

0.2 

3.5 

0.5 

2.5 

3.3 

5.1 

1.2 

1.5 

1.3 

1.1 

0.8 

1.2 

0.2 

0.3 

0.5 

4.7 

0.0 

3.2 

5.1 

6.3 

1.7 

2.2 

2.6 

1.7 

1.5 

1.6 

0.5 

1.1 

1.2 

7.0 

4.4 

4.2 

5.6 

6.3 

2.3 

6.3 

13.6 

13.4 

18.7 

4.6 

25.9 

18.5 

20.4 

6.5 

1.5 

4.0 

1.0 

1.3 

3.1 

1.8 

1.5 

2.0 

1.0 

1.7 

0.3 

0.4 

0.5 

6.2 

7.3 

3.6 

6.4 

13.9 

3.5 

2.8 

3.5 

2.7 

1.5 

1.7 

0.5 

0.9 

0.9 

7.6 

5.3 

5.7 

8.6 

7.6 

4.4 

8.1 

11.3 

8.5 

8.8 

3.5 

6.5 

6.9 

7.8 

9.1 

4.8 

7.8 

5.0 

1.3 

3.8 

8.0 

10.6 

8.5 

7.9 

3.5 

4.9 

7.7 

7.2 

4.7 

1.5 

5.7 

2.1 

0.0 

4.6 

5.5 

3.6 

3.1 

1.8 

2.0 

0.6 

0.9 

1.1 

6.9 

6.8 

5.9 

7.6 

8.9 

6.4 

5.1 

3.5 

4.7 

5.3 

2.7 

5.6 

4.2 

6.4 

4.6 

1.0 

2.4 

2.0 

7.6 

2.3 

8.0 

6.2 

6.7 

5.1 

2.6 

2.7 

3.6 

4.5 

4.4 

5.3 

5.6 

3.4 

1.3 

4.6 

2.5 

1.0 

1.0 

0.7 

0.9 

0.3 

0.2 

0.4 

2.3 

15.5 

5.4 

10.9 

8.9 

9.1 

4.7 

3.5 

4.1 

2.6 

1.4 

1.2 

1.4 

1.9 

3.0 

4.4 

3.7 

2.2 

3.8 

3.9 

2.9 

1.1 

1.3 

1.4 

2.6 

1.3 

1.5 

2.0 

2.4 

1.9 

2.2 

2.3 

0.0 

2.4 

3.3 

0.6 

0.6 

0.5 

0.5 

0.3 

0.1 

0.4 

0.4 

2.9 

2.0 

4.9 

2.5 

5.5 

2.6 

1.3 

2.5 

1.4 

1.8 

1.1 

1.4 

1.4 

1.7 

1.5 

1.5 

1.4 

2.5 

2.4 

1.1 

0.7 

0.9 

0.9 

0.5 

0.5 

0.7 

0.7 

0.4 

8.2 

1.1 

4.6 

3.8 

1.6 

2.5 

2.0 

2.6 

2.0 

0.9 

1.0 

0.9 

1.3 

1.1 

1.5 

2.0 

0.9 

2.5 

1.4 

2.2 

0.5 

1.3 

0.9 

2.7 

1.0 

1.1 

1.1 

1.4 

1.0 

1.8 

0.7 

0.0 

4.6 

1.0 

0.9 

1.3 

1.0 

1.3 

0.7 

0.5 

0.8 

0.5 

0.0 

0.8 

0.3 

0.0 

1.0 

0.5 

0.4 

0.2 

0.3 

0.1 

0.1 

0.1 

0.0 

0.1 

1.5 

1.3 

2.5 

0.0 

1.7 

0.6 

0.6 

0.6 

0.6 

0.4 

0.4 

0.1 

0.3 

0.3 

1.5 

1.8 

0.2 

5.1 

1.3 

1.1 

0.7 

0.3 

0.4 

0.3 

0.2 

0.0 

0.1 

0.1 

4.4 

2.8 

2.5 

2.5 

4.4 

1.8 

1.3 

1.6 

1.2 

0.9 

0.6 

0.7 

0.6 

0.9 

4.4 

2.0 

1.1 

0.0 

1.7 

1.4 

0.9 

1.2 

1.0 

0.8 

0.5 

0.7 

0.6 

0.4 

0.0 

1.2 

0.8 

0.0 

1.5 

4.1 

3.0 

3.6 

2.3 

1.6 

1.0 

1.9 

1.6 

2.4 

3.9 

2.6 

2.6 

1.3 

3.1 

1.2 

0.7 

0.4 

0.5 

0.2 

0.1 

0.0 

0.0 

0.1 

6.3 

3.2 

5.3 

5.1 

3.7 

2.0 

0.1 

0.3 

0.3 

7.0 

0.2 

0.1 

0.3 

0.6 

0.0 

1.7 

0.2 

0.0 

1.8 

0.3 

1.1 

0.4 

0.4 

0.3 

0.1 

0.0 

0.0 

0.0 

1.0 

2.5 

0.7 

0.0 

1.0 

100 

100 

100 

100 

100 

100 

100 

100 

100 

100 

100 

100 

100 

100 

1696 

24394 

4568 

98919 

30273 

110456 

15715 

13489 

58907 

207 

7540 

22000 

79 

1696 

160 


Table  6-15  : West  Area  - Matrix  for  the  Hybrid  Classification. 

Matrix  of  the  40  clusters  against  the  25  Landuse  II  Level  Classes  for  Hybrid  Classification. 
The  given  values  stand  for  the  percentage  of  the  pixels  occurring  which  are  common  to 
both  the  given  cluster  and  the  given  land  cover  class. 


Cluster  40 

LU  Classes  25 
000  112 

13457 

Values  in  Percentase  %. 
160  180  190 

210 

220 

2345 

260 

320 

330 

1 

1.4 

1.3 

2.0 

0.3 

0.7 

1.5 

4.5 

0.3 

1.1 

1.0 

0.3 

2 

1.7 

0.1 

0.0 

0.0 

0.0 

0.0 

3 

2.6 

0.0 

0.1 

0.0 

0.0 

0.0 

0.0 

0.0 

4 

2.0 

0.0 

0.0 

0.0 

5 

1.8 

1.5 

0.3 

0.9 

0.9 

0.4 

4.0 

0.2 

2.5 

0.5 

0.1 

6 

2.6 

0.0 

0.0 

0.2 

0.0 

0.0 

0.0 

0.0 

7 

1.9 

0.0 

0.1 

1.6 

0,1 

0,0 

0.1 

0.1 

0.1 

8 

1.0 

0.0 

1.2 

0.0 

0.0 

0.0 

0.3 

0.1 

0.1 

9 

0.2 

0.0 

1.0 

0.0 

0.1 

0.0 

0.0 

10 

0.3 

0.2 

0.2 

2,9 

0.2 

0.3 

0.1 

0.3 

0.1 

0.1 

0.1 

0.1 

11 

1.2 

1.8 

1.5 

6.3 

2.9 

2.0 

0.8 

0.8 

1.4 

0.5 

1.0 

0.7 

12 

2.7 

0.8 

1.0 

5.5 

2.1 

1.5 

0.4 

0.2 

0.7 

0.3 

0.2 

0.8 

13 

9.9 

3.4 

1.7 

2.2 

0.7 

3.5 

1.6 

4.9 

2.8 

5.5 

8.3 

7.6 

14 

15.3 

3.0 

3.2 

0.9 

1.0 

4.4 

2.1 

2.4 

1.6 

5.8 

11.3 

7.7 

15 

2.7 

2.8 

2.5 

1.1 

1.6 

2.1 

1.4 

1.6 

2.3 

3.0 

2.6 

3.5 

16 

3.2 

3.8 

1.9 

0,9 

5.5 

2,7 

2.3 

1.4 

2.8 

2.4 

6.9 

5.2 

17 

3.6 

4,3 

4,3 

4.8 

4.1 

5.0 

3.1 

1.6 

3.1 

3.0 

3.4 

3.2 

18 

4.3 

8.6 

8.7 

2.1 

10.0 

7.9 

11.2 

4.6 

7.4 

6.7 

3.1 

2.1 

19 

2.2 

5.1 

1.7 

3.1 

3.4 

3.4 

2.8 

4.4 

5.3 

4.9 

8.2 

12.0 

20 

3.0 

5.8 

11.6 

5.7 

3.3 

6.2 

2.2 

4.7 

4.9 

2.9 

2.2 

0.6 

21 

7.6 

5.3 

3.0 

2.8 

6.6 

5.8 

23.4 

10.9 

10.8 

13.0 

6.2 

5.3 

22 

3.5 

6.7 

8.4 

10.1 

2.1 

8.1 

5.1 

8.9 

6.1 

10.6 

7.7 

7.9 

23 

2,8 

5.4 

3.3 

5.8 

21.1 

4.6 

4.9 

1.9 

6.3 

1.8 

1.6 

0.6 

24 

2.1 

2.7 

2.5 

1.9 

2.6 

1.7 

2.4 

2.4 

2.5 

2.9 

1.9 

2.1 

25 

2.8 

4.9 

1.5 

1.7 

1.9 

3.3 

1.7 

4.0 

2.9 

3.8 

7.7 

9.1 

26 

2.5 

5.8 

3.0 

2.7 

4.5 

4.8 

13.3 

9.6 

9.6 

9.1 

4.1 

3.7 

27 

1.4 

3.1 

8.4 

5.6 

3.7 

6.5 

0.7 

1.6 

1.9 

0.9 

0.7 

0.2 

28 

4.0 

2.9 

1,9 

3.1 

0.5 

2.6 

1.5 

3.2 

2.2 

4.2 

5.7 

9.4 

29 

1.0 

2.6 

2.2 

1.2 

1.5 

1.8 

2.0 

2,7 

2.5 

2,1 

2.0 

4.1 

30 

0.7 

1.8 

0.6 

1.3 

1.1 

1.2 

LI 

1.6 

0.9 

1.2 

3.1 

2.9 

31 

1.5 

3.7 

8.2 

4,7 

1.4 

3.9 

LI 

4.6 

3,7 

2.1 

1.4 

1,7 

32 

0.6 

1.0 

0.8 

2.3 

0.6 

1.0 

0.5 

0.8 

0.6 

0.5 

1.0 

1.4 

33 

1.1 

2.0 

1.5 

2.6 

6.7 

2.2 

1.5 

0.6 

1.9 

0.4 

0.9 

0.3 

34 

0.9 

2.8 

2.0 

1.2 

2.2 

2.4 

6.1 

3.9 

5,8 

4.5 

2.6 

2.4 

35 

0.6 

0.9 

1.0 

0.9 

0.9 

0.6 

0.8 

0.5 

1.0 

0.5 

0.8 

0.9 

36 

0.3 

1.1 

0.7 

1.7 

1.9 

0.7 

1.3 

1.4 

2,1 

1.2 

1.2 

1.9 

37 

0.8 

1.1 

2.4 

3.4 

0.5 

1.2 

0.7 

1.3 

1.2 

0.8 

0.9 

1.2 

38 

0.7 

1.5 

43 

4.7 

1.7 

3.8 

0,3 

2,3 

2.0 

. 0.5 

0.5 

0.1 

39 

0.4 

0.8 

2,3 

2.3 

0.8 

1.7 

0.2 

0.5 

1.6 

0.3 

0.3 

0.3 

40 

1.0 

1.7 

1.7 

0.4 

1.9 

1.6 

1.4 

1,4 

1.6 

1.1 

0.9 

0.9 

Total  = 

100 

100 

100 

100 

100 

100 

100 

100 

100 

100 

100 

100 

Pixel  No.  = 

9305 

76247 

144307 

1801 

18141 

33298 

101986 

8881 

4773 

20569 

26306 

1563 

Note:  Please  see  "TABLE  6-10  : Abbreviated  Land  Cover  Classes",  for  notation  used. 
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Table  6-15:  Continued. 


410 

420 

430 

51234 

610 

620 

630 

640 

650 

740 

810 

820 

830 

910 

0.4 

1.4 

1.6 

0.9 

1.0 

1.1 

1.5 

2.2 

2.1 

3.8 

0.6 

2.1 

0.0 

6.5 

0.0 

3.0 

17.0 

0.0 

3.4 

0.0 

0.0 

0.0 

8.1 

20.2 

3.9 

0.0 

0.0 

0.0 

8.6 

0.0 

4.7 

0.1 

2.7 

0.4 

1.6 

0.5 

1.6 

1.8 

4.9 

0.0 

1.2 

0.6 

0.0 

7.2 

0.0 

0.1 

0.0 

8.3 

20.0 

0.0 

11.9 

0.1 

0.7 

0.1 

1.5 

18.3 

0.1 

11.1 

0.1 

13.3 

0.1 

0.6 

0.0 

0.3 

7.6 

0.0 

11.7 

0.0 

8.9 

0.0 

0.0 

1.3 

5.5 

0.0 

0.4 

0.1 

10.1 

0.2 

0.6 

0.2 

1.9 

4.0 

0.5 

0.2 

0.2 

0.8 

0.4 

2.5 

0.8 

6.5 

1.7 

3.8 

2.0 

4.7 

2.5 

2.6 

1.4 

1.7 

0.2 

0.2 

0.5 

11.7 

0.9 

2.1 

1.2 

3.9 

12.0 

2.9 

0.8 

0.6 

1.5 

2.0 

14.6 

7.3 

9.2 

0.9 

12.1 

26.6 

9.3 

12.1 

0.8 

5.7 

1.1 

2.2 

3.3 

0.2 

22.8 

11.5 

8.8 

0.8 

8.9 

17.7 

9.3 

13.0 

1.9 

0.8 

2.0 

6.2 

5.4 

0.8 

4.0 

6.2 

3.6 

0.6 

3.0 

3.1 

3.9 

2.8 

0.6 

0.9 

2.5 

8.9 

2.7 

0.2 

7.2 

5.8 

12.3 

0.2 

11.7 

2.8 

13.5 

3.6 

0.8 

2.6 

0.5 

10.1 

2.0 

2.5 

2.5 

2.8 

2.4 

3.7 

5.8 

4.3 

6.9 

2.2 

4.6 

4.8 

3.4 

6.0 

2.0 

6.9 

1.5 

0.2 

0.5 

0.5 

1.1 

1.8 

0.6 

2.8 

5.9 

28.5 

11.8 

7.5 

12.7 

13.2 

0.2 

15.6 

3.4 

16.4 

3.4 

0.8 

3.1 

0.7 

5.6 

2.2 

1.7 

2.7 

0.9 

0.6 

0.2 

0.2 

0.4 

1.3 

0.8 

6.3 

17.5 

2.8 

7.4 

2.8 

3.3 

1.9 

0.1 

0.6 

0.4 

0.7 

2.1 

0.4 

0.2 

2.3 

6.2 

7.8 

3.3 

5.2 

1.9 

0.6 

0.8 

1.0 

0.9 

5.1 

1.0 

6.3 

13.2 

3.4 

7.3 

0.2 

0.6 

2.1 

1.4 

1.1 

1.2 

1.3 

2.1 

1.9 

0.9 

1.7 

2.1 

1.7 

4.6 

1.8 

2.1 

2.3 

0.3 

1.9 

1.4 

1.7 

1.4 

0.8 

0.5 

2.2 

3.9 

2.5 

0.5 

7.7 

7.1 

10.9 

0.2 

12.1 

4.3 

12.2 

4.0 

0.6 

2.1 

1.0 

2.2 

2.3 

1.5 

1.9 

1.4 

0.0 

0.5 

0.4 

0.6 

1.7 

0.5 

2.0 

2.4 

3.4 

5.7 

0.3 

0.6 

0.6 

0.3 

0.1 

0.1 

0.2 

0.4 

0.4 

14.8 

2.2 

4.5 

7.3 

1.7 

5.4 

0.7 

5.8 

11.0 

4.0 

8.7 

0.4 

4.1 

1.9 

3.9 

2.4 

1.4 

1.9 

1.6 

0.2 

1.4 

1.2 

1.7 

1.4 

0.3 

0.8 

2.6 

0.6 

2.1 

2.5 

2.5 

5.2 

0.1 

6.7 

1.7 

5.3 

1.9 

0.2 

0.6 

0.3 

0.6 

0.5 

1.0 

0.2 

0.7 

0.2 

0.1 

0.1 

0.2 

0.4 

0.3 

8.0 

13.4 

0.6 

4.0 

1.5 

3.7 

2.2 

2.5 

2.8 

3.8 

1.3 

4.2 

0.5 

1.7 

0.5 

0.4 

0.3 

0.4 

0.6 

0.8 

0.5 

0.6 

0.9 

1.1 

0.3 

2.1 

1.9 

1.3 

1.1 

0.6 

0.9 

0.0 

0.3 

0.2 

0.3 

1.1 

0.2 

0.9 

2.0 

0.6 

2.5 

0.8 

5.0 

0.9 

1.0 

0.9 

0.9 

1.2 

0.9 

2.2 

0.2 

0.7 

0.7 

2.0 

0.8 

1.0 

1.8 

0.1 

1.5 

0.6 

1.0 

0.8 

0.0 

0.2 

0.7 

0.5 

0.4 

0.6 

0.4 

0.2 

0.1 

0.1 

0.1 

0.4 

0.1 

3.2 

5.8 

0.8 

0.2 

0.3 

0.1 

0.1 

0.1 

0 1 

0.2 

0.0 

9.2 

0.7 

1.6 

0.2 

0.2 

0.0 

0.1 

0.0 

0.0 

0.0 

0.0 

9.0 

1.3 

0.5 

0.9 

0.2 

1.5 

1.0 

1.4 

1.1 

0.9 

1.1 

1.6 

1.6 

5.0 

1.8 

0.9 

100 

100 

100 

100 

100 

100 

100 

100 

100 

100 

100 

100 

100 

100 

66213 

520 

15825 

51588 

52105 

57079 

20840 

22273 

5542 

654 

4921 

179 

8955 

660 
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combination  for  aggregate  classification  of  all  the  classes.  For  this  study,  as  described 
before  in  the  “research  outline”  section  and  the  “methodology”  section,  a new  “Mixed-band 
combinations”  method  is  developed  and  used.  The  system  allows  the  specification  of 
different  band  combinations  for  different  classes. 

For  example,  refer  to  Table  6-12  for  the  eastern  area.  Among  the  different  band 
combinations,  tbe  best  accuracy  is  given  by  the  nine-band  combination,  made  of  the  three 
spectral  bands  (TM2/3,  TM4,  TM5)  and  the  six  texture  bands  (three  Entropy  and  three 
Correlation/Horizontal).  This  combination  gave  the  best  aggregate  accuracy  value  for  all 
the  classes,  and  its  improvement  in  the  overall  accuracy  value  is  79%  as  compared  to  the 
reference  value.  Similarly,  in  the  western  area.  Table  6-13  indicates  the  46% 
improvement  in  the  overall  accuracy  value  as  compared  to  the  reference  value.  It  is 
achieved  by  using  the  six-band  combination,  made  of  the  two  spectral  bands  (TM2/3, 
TM4)  and  the  four  texture  bands  (two  Entropy  and  two  ASM — HorizontaWertical). 
However,  the  above  figure  is  for  the  aggregate  of  all  25  classes.  The  individual  land- 
cover  class  gets  better  accuracy  values  given  other  band  combinations.  The  accuracy 
values  in  terms  of  the  Kappa  values  for  each  of  the  25  land-cover  classes,  for  the  different 
band  combinations,  are  presented  in  Appendixes  F and  G for  the  eastern  and  the  western 
areas,  respectively.  They  are  further  summarized  in  Tables  6-16  and  6-17  for  the  eastern 
and  the  western  areas,  respectively.  The  tables  give  the  best  and  the  second  best  K-values 
for  each  of  the  25  land-cover  classes  and  the  related  band  combinations.  The  tables  also 
indicate  that  the  Kappa  values  varies  between  0.00  and  0.83.  We  may  ignore  the  classes 
with  very  small  Kappa  values.  If  we  arbitrarily  take  the  Kappa  value  0.30,  for  this  test  case. 


163 


Table  6-16  : The  Best  Band  Combinations  for  the  Individual  Classes  - East  Area 

Please  refer  to  the  "Table  6-10:  Abbreviated  Land  Cover  Classes”,  for  the  class  description. 

The  best  and  the  second  best  Kappa  values  achieved  for  each  individual  land  cover  classes 
are  given.  These  Kappa  values  are  achieved  by  using  the  band  combinations  constituting 
total  of  6 bands  (3  spectral  and  3 given  texture).  The  corresponding  texture  measure  is  given. 


Best  Kappa 

— 2nd  best  Kappa  — 

Percentage 

Classified 

Class 

Reference 

Texture 

Kappa 

Texture 

Kappa 

Probability 

Significant 

Pixel  No. 

Unclassified 

— 

— 

— 







... 

4246089 

110/120 

0.11 

COR-H 

0.55 

COR-V 

0.46 

16.8 

Yes 

229460 

130/140/150/170 

0.71 

CON-V 

0.72 

COR-V 

0.58 

3.9 

Yes 

97078 

160 

0.78 

ASM-H/V 

0.68 

CON-V 

0.63 

5.7 

Yes 

119071 

180 

0.37 

ASM-H/V 

0.83 

COR-H 

0.80 

0.9 

Yes 

26095 

190 

0.00 

STD 

0.42 

CON-V 

0.32 

1.4 

Yes 

9470 

210 

0.89 

ASM-H/V 

0.75 

ENT 

0.61 

33.2 

Yes 

1327568 

220 

0.27 

ASM-H/V 

0.47 

CON-V 

0.29 

6.5 

Yes 

50272 

230/240/250 

-0.01 

ENT 

0.74 

CON-H 

0.49 

1.6 

Yes 

45 

260 

-0.02 

COR-V 

0.20 

COR-H 

0.19 

1.7 

No 

310 

0.04 

0.00 

0.00 

0.2 

No 

320 

0.67 

STD 

0.65 

COR-H 

0.41 

2.5 

Yes 

23055 

330 

0.03 

0.00 

0.00 

0.02 

No 

410 

0.36 

ENT 

0.19 

CON-V 

0.15 

1.5 

No 

420 

0.00 

0.00 

0.00 

0.1 

No 

430 

0.23 

CON-V 

0.12 

CON-H 

0.11 

6.4 

No 

520/530 

1.00 

CON-V 

0.88 

ENT 

0.83 

1.6 

Yes 

106896 

610 

0.58 

ENT 

0.65 

ASM-H/V 

0.61 

7.7 

Yes 

419756 

620 

0.49 

ENT 

1.00 

STD 

0.83 

1.1 

Yes 

43584 

630 

-0.01 

0.00 

0.00 

0.7 

No 

640 

0.48 

STD 

0.20 

COR-H 

0.19 

4.3 

No 

650 

0.00 

0.00 

0.00 

0.004 

No 

740 

0.00 

CON-H 

0.19 

0.00 

0.5 

No 

810 

-0.02 

COR-V 

0.49 

CON-H 

0.49 

1.5 

Yes 

4008 

820 

0.00 

0.00 

0.00 

0.005 

No 

830 

0.33 

ENT 

0.49 

CON-V 

0.24 

0.1 

Yes 

888 

Total  = 


6703335 
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Table  6-17  : The  Best  Band  Combinations  for  the  Individual  Classes  - West  Area 

Please  refer  to  the  "Table  6-10:  Abbreviated  Land  Cover  Classes",  for  the  class  description. 

The  best  and  the  second  best  Kappa  values  achieved  for  each  individual  land  cover  classes 
are  given.  These  Kappa  values  are  achieved  by  using  the  band  combinations  constituting 
total  of  4 bands  (2  spectral  and  2 given  texture).  The  corresponding  texture  measure  is  given. 


Best  Kappa 

— 2nd  best  Kappa  — 

Percentage 

Classified 

Class 

Reference 

Texture 

Kappa 

Texture 

Kappa 

Probability 

Significant 

Pixel  No. 

Unclassified 

— 





... 



... 

110/120 

-0.02 

ASM-H/V 

0.47 

STD 

0.25 

10.2 

Yes 

9457 

130/140/150/170 

0.90 

ASM-H/V 

0.60 

ENT 

0.60 

19.5 

Yes 

80525 

160 

0.57 

ENT 

1.00 

COR-V 

0.75 

0.2 

Yes 

166 

180 

0.74 

ENT 

1.00 

CON-H 

0.79 

2.4 

Yes 

1451 

190 

-0.05 

COR-V 

0.25 

CON-V 

-0.06 

4.4 

No 

210 

0.78 

ENT 

0.90 

ASM-H/V 

0.73 

13.7 

Yes 

45795 

220 

0.66 

COR-H 

-0.02 

COR-V 

-0.01 

1.2 

No 

230/240/250 

0.00 

0.00 

0.00 

0.61 

No 

260 

0.03 

ENT 

-0.03 

0.00 

2.7 

No 

320 

0.19 

COR-V 

0.31 

ASM-H/V 

0.21 

3.5 

Yes 

4308 

330 

0.00 

0.00 

0.00 

0.2 

No 

410 

0.64 

ENT 

0.70 

CON-H 

0.59 

8.8 

Yes 

20359 

420 

0.00 

0.00 

0.00 

0.1 

No 

430 

-0.02 

STD 

1.00 

ASM-H/V 

0.38 

2.1 

Yes 

1648 

510/520/530/540 

1.00 

ASM-H/V 

0.94 

CON-H 

0.89 

6.9 

Yes 

47819 

610 

-0.07 

CON-H 

0.65 

ENT 

0.58 

6.9 

Yes 

18321 

620 

0.63 

ENT 

0.75 

STD 

0.74 

7.7 

Yes 

11692 

630 

0.18 

CON-H 

0.74 

ASM-H/V 

0.15 

2.8 

Yes 

1926 

640 

0.20 

COR-H 

0.39 

COR-V 

0.15 

3.1 

Yes 

12034 

650 

0.16 

STD 

1.00 

ENT 

1.00 

0.7 

Yes 

152 

740 

0.11 

0.00 

0.00 

0.1 

No 

810 

0.05 

COR-H 

-0.01 

COR-V 

-0.01 

0.7 

No 

820 

0.00 

0.00 

0.00 

0.02 

No 

830 

-0.01 

0.00 

0.00 

1.2 

No 

910 

0.66 

ASM-H/V 

1.00 

STD 

0.80 

0.1 

Yes 

43 

Total  = 


255696 
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as  the  dividing  line  between  the  useful  and  the  redundant  texture  measures,  then  in  the 
eastern  area,  only  14  land-cover  classes  are  considered  to  have  significant  Kappa  values. 
Similarly,  in  the  western  area,  only  1 5 land-cover  classes  have  significant  Kappa  values. 
These  significant  classes  are  indicated  in  the  “Significanf’  column  of  the  tables.  Only  the 
significant  classes  are  used  classifications.  The  following  steps  are  taken  to  achieve  the 
mixed-classification  method.  First,  the  best-band  combinations  for  each  of  the  significant 
classes  are  considered.  As  stated  earlier,  the  best  band  size  for  the  east  area  is  nine  and  for 
the  west  area  is  six.  Because  the  spectral  bands  are  the  primary  source  of  information  and 
also  the  best  land-cover  identifiers,  these  are  included  first.  Second,  for  each  of  the  land- 
cover  classes,  the  two  sets  of  the  best  texture  bands  are  recognized  using  Tables  6-16  and 
6-17.  For  example,  for  Class  160  in  the  east  area,  the  best-band  combination  constitutes 
TM2/3,  TM4,  TM5,  three  “ASM — HorizontalA^ertical”  and  three  “Contrast — Vertical” 
bands.  Whereas  for  the  same  class  in  the  west  area,  the  best-band  combination  constitutes 
TM2/3,  TM4,  two  “Entropy,”  and  two  “Correlation — Vertical”  bands.  Third,  for  each  of 
the  significant  classes,  separate  images  with  the  given  best-band  combinations  are 
created.  Fourth,  each  of  these  images  are  classified  (supervised)  using  a training  sample 
of  only  one  related  class.  Along  with  the  classification,  the  “Distance  image”  is  also 
created,  which  gives  the  spectral  distances  of  each  of  the  pixels  from  the  spectral  mean  of 
the  class  in  consideration.  Fifth,  decisions  are  made  for  each  of  the  pixels  whether  they 
belong  to  the  given  class  or  not,  depending  upon  whether  it  is  spectrally  close  to  the 
spectral  mean  of  the  class  or  not.  The  boundary  of  inclusion  depends  upon  the  probability 
of  the  occurrence  of  the  given  class,  or  the  percentage  of  the  particular  land-cover  class  in 
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the  area.  The  probabilities  of  occurrences  are  given  in  the  “Probability”  column  in  Tables 
6-16  and  6-17.  Thus,  for  the  eastern  area,  14  new  images  are  created,  one  each  for  the  14 
land-cover  classes  under  consideration.  These  images  are  thematic  with  only  two  values, 
either  the  pixel  belongs  to  the  class  or  it  does  not.  These  images  are  combined.  Similarly, 
for  the  western  area,  15  new  images  are  created  and  combined.  Finally,  these  two 
combined  images  are  reclassified  using  the  following  rule.  Any  given  pixel  that  falls 
exclusively  in  one  land-cover  class  only  is  assigned  to  the  given  class.  However,  if  a pixel 
falls  into  two  or  more  classes  or  does  not  fall  into  any  of  the  classes,  then  it  is  not 
assigned  to  any  class  (unclassified).  In  the  eastern  area,  there  is  a total  of  6,703,335 
pixels,  of  which  2,457,246  pixels  are  classified  and  4,246,089  pixels  are  unclassified. 
Thus,  36.657%  of  the  pixels  are  classified.  In  the  western  area,  there  is  a total  of  754,545 
pixels,  of  which  255,696  pixels  are  classified  and  498,849  pixels  are  unclassified.  Thus, 
33.887%  of  the  pixels  are  classified.  The  unclassified  pixels  are  again  classified  using  the 
Bayesian  maximum-likelihood  method  and  the  parameters  that  give  the  best  aggregate 
accuracy  value.  The  accuracy  assessment  reports  of  the  mixed-classification  method  are 
given  in  Tables  6-18  and  6-20  for  the  eastern  and  the  western  areas,  respectively. 
Because,  the  mixed  method  seems  to  be  giving  higher  accuracy  values,  therefore  a better 
comparison  with  the  reference  image  band  combination  is  sought.  It  is  done  by  running 
the  accuracy  assessment  for  the  classes  generated  by  both  the  reference  and  the  mixed 
band  combinations  using  same  set  of  random  points.  The  new  reference  classification 
accuracy  reports  along  with  error  or  confusion  matrices  are  given  in  the  Tables  6-19  and 
6-2 1 for  the  eastern  and  the  western  areas  respectively.  The  tables  indicate  the  aggregate 
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Table  6-18  : Accuracy  Report : Mixed  Method  - East  Area 
CLASSIFICATION  ACCURACY  ASSESSMENT  REPORT 
Area  : East  of  Tampa,  Florida.  Size  : About  25  kilometers  EW  & 27  kilometers  NS. 

Image  ;TM2/TM3,  TM4,  TM5,  and  6 Texture  bands 
Texture  bands  : Mixed  - class  specific.  Pixel  size  : lOmxlOm 

Bayesian  Classification  Land  cover  - II  level : 25  classes. 

Sample  size  : 349. 

Please  refer  to  the  "Table  6-10:  Abbreviated  Land  Cover  Classes",  for  the  class  description. 

KAPPA  (K^)  STATISTICS  : 

Class  Reference  Classified  Number  Producers  Users  Conditional  'K'  for  each  Class. 
Name  Totals  Totals  Correct  Accuracy  Accuracy  'K' 


Unclassified 

0 

0 

0 

— 

0.00 

Class  112 

27 

45 

14 

0.52 

0.31 

0.25 

(Classes  110&  120) 

Clal3457 

13 

18 

7 

0.54 

0.39 

0.37 

(Classes  130,140,150  & 170) 

Class  160 

30 

12 

4 

0.13 

0.33 

0.27 

Class  180 

8 

9 

7 

0.88 

0.78 

0.77 

Class  190 

1 

12 

0 

0.00 

0.00 

0.00 

Class210 

121 

121 

76 

0.63 

0.63 

0.43 

Class220 

30 

1 

0 

0.00 

0.00 

-0.09 

Clas2345 

11 

4 

1 

0.09 

0.25 

0.23 

(Classes  230,  240  & 250) 

Class260 

3 

6 

0 

0.00 

0.00 

-0.01 

Class310 

1 

0 

0 

— 

0.00 

Class320 

7 

7 

1 

0.14 

0.14 

0.13 

Class330 

0 

0 

0 

— 

0.00 

Class4 1 0 

7 

4 

1 

0.14 

0.25 

0.23 

Class420 

0 

0 

0 

— 

0.00 

Class430 

19 

18 

2 

0.11 

0.11 

0.06 

Class523 

9 

9 

6 

0.67 

0.67 

0.66 

(Classes  520  & 530) 

Class610 

30 

35 

23 

0.77 

0.66 

0.62 

Class620 

10 

10 

8 

0.80 

0.80 

0.79 

Class630 

2 

2 

0 

0.00 

0.00 

-0.01 

Class640 

13 

21 

6 

0.46 

0.29 

0.26 

Class650 

0 

0 

0 

— 

0.00 

Class740 

1 

0 

0 

— 

0.00 

ClassSlO 

6 

7 

2 

0.33 

0.29 

0.27 

Class820 

0 

0 

0 

— 

0.00 

Class830 

0 

8 

0 

— 

0.00 

0.00 

Totals 

349 

349 

158 

Overall  Classification  Accuracy  = 0.4527 


Overall  Kappa  Statistics  = 0.3541 
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Please  refer  to  the  "Table  6-10:  Abbreviated  Land  Cover  Classes",  for  the  class  description. 
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Column  Total  7 7 19  9 30  10  2 13  1 6 349 
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Table  6-19  : Accuracy  Report : East  Area  - 25  Land  Cover  Level  II : Reference. 
CLASSIFICATION  ACCURACY  ASSESSMENT  REPORT 

Area  : East  of  Tampa,  Florida.  Size  ; About  25  kilometers  EW  & 27  kilometers  NS. 

Image  :TM2,  TM3,  TM4  and  TM5  bands  Pixel  size  : 30mx30m 

Land  cover  - II  level : Abbreviated  25  classes. 

Please  refer  to  the  "Table  6-10:  Abbreviated  Land  Cover  Classes",  for  the  class  description. 

KAPPA  (K^)  STATISTICS  : 


Class 

Reference 

Classified 

Number 

Producers 

Users 

Conditional  'K'  for  each 

Name 

Totals 

Totals 

Correct 

Accuracy 

Accuracy 

'K' 

nclassified 

0 

1 

0 

0.00 

Class  112 

27 

23 

6 

0.22 

0.26 

0.20 

(Classes  110&  120) 

Clal3457 

13 

20 

7 

0.54 

0.35 

0.32 

(Classes  130,140,150 

& 170) 

Class  160 

30 

10 

5 

0.17 

0.50 

0.45 

Class  180 

8 

16 

8 

1.00 

0.50 

0.49 

Class  190 

1 

13 

0 

0.00 

0.00 

0.00 

Class210 

121 

26 

25 

0.21 

0.96 

0.94 

Class220 

30 

10 

5 

0.17 

0.50 

0.45 

Clas2345 

11 

11 

0 

0.00 

0.00 

-0.03 

(Classes  230,  240  & 250) 

Class260 

3 

12 

2 

0.67 

0.17 

0.16 

Class3 1 0 

1 

29 

1 

1.00 

0.03 

0.03 

Class320 

7 

11 

3 

0.43 

0.27 

0.26 

Class330 

0 

33 

0 

— 

— 

0.00 

Class410 

7 

9 

2 

0.29 

0.22 

0.21 

Class420 

0 

10 

0 

— 

— 

0.00 

Class430 

19 

10 

1 

0.05 

0.10 

0.05 

Class523 

9 

6 

6 

0.67 

1.00 

1.00 

(Classes  520  & 530) 

Class610 

30 

35 

22 

0.73 

0.63 

0.59 

Class620 

10 

11 

7 

0.70 

0.64 

0.63 

Class630 

2 

6 

1 

0.50 

0.17 

0.16 

Class640 

13 

6 

4 

0.31 

0.67 

0.65 

Class650 

0 

12 

0 

— 

--- 

0.00 

Class740 

1 

1 

0 

0.00 

0.00 

0.00 

ClassSlO 

6 

3 

2 

0.33 

0.67 

0.66 

Class820 

0 

19 

0 

--- 

— 

0.00 

Class830 

0 

6 

0 

— 

--- 

0.00 

Totals  349  349  107 


Overall  Classification  Accuracy  = 0.3066 


Overall  Kappa  Statistics  = 0.2668 


Reference  Data  Sample  Size  : 349. 

Classified 

Data  Classll2  Clal3457  Classl60  ClasslSO  Classl90  Class210  Class220  Clas2345  Class260  Class310  Class320 


171 


m — <N 


r- 


(N 


(N 


<N  — 


Tt  — to—  — — — 


O 


— (N 


<N  <N  — — — 


— — — m — 


oo 


00 


— — in 


^ 00 


(N 


O 


(N  r-  (N 


so  m 


ro 


(N  r- 

(N 


T3 

(N 

o 

o 

o 

o 

o 

in 

o 

o 

— 

in 

VO 

00 

os 

(N 

so 

.-M 

— 

— 

(N 

CN 

(N 

m 

• ■“ 

c/5 

C/5 

c/5 

c/5 

c/5 

c/5 

(N 

c/5 

c/5 

c/5 

c/5 

C/5 

C/5 

c/5 

c/5 

C/5 

C/5 

C/5 

c/5 

jd 

Cd 

Cd 

Cd 

Cd 

Cd 

cd 

Cd 

Cd 

Cd 

o 

c 

D 

U 

U 

u 

U 

u 

u 

U 

u 

U 

O 

o o o o o 

fN  m — (N  m 

m m ^ 

c/i  c/5  c/5  c/5 

c/5  c/5  c/5  c/5  c/5 

CO  CO  ^ Cd 

u u u u u 


m o o o o 

fN  — CNmrf 

in  so  so  so  so 

c/5  c/5  c/5  c/5  C/) 

c/5  c/5  c/5  c/5  c/5 

cQ  cQ  cd  cd 

U U U U U 


o o o o o 

m m 

VO  00  00  00 
c/5  c/5  c/5  c/5  c/5 

C/5  C/5  C/5  C/5  C/5 

cd  cd  cd  cd  cd 

u u u u u 


Column  Total 


Classified 

Data  Class4IO  Class430  Class523  Class610  Class620  Class630  Class640  Class740  ClassSlO  Row  Total 
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Column  Total  7 19  9 30  10  2 13  1 6 349 
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Table  6-20  : Accuracy  Report : Mixed  Method  - West  Area 
CLASSIFICATION  ACCURACY  ASSESSMENT  REPORT 


Area  : North  West  of  Tampa,  Florida.  Size  : About  24  kilometers  EW  & 28  kilometers  NS. 

Image  :TM2/TM3,  TM4,  and  4 Texture  bands 

Texture  bands  : Mixed  - class  specific.  Pixel  size  : 30mx30m 

Bayesian  Classification  Land  cover  - II  level  : 25  classes. 


Please  refer  to  the  "Table  6-10:  Abbreviated  Land  Cover  Classes",  for  the  class  description. 

KAPPA  (K^)  STATISTICS  ; 

Class  Reference  Classified  Number  Producers  Users  Conditional 'K' for  each  Class, 

Name  Totals  Totals  Correct  Accuracy  Accuracy  'K' 

Unclassified 

0 

0 

0 

0.00 

Classl  12 

14 

23 

8 

0.57 

0.35 

0.32 

(Classes  110&  120) 

Clal3457 

63 

74 

51 

0.81 

0.69 

0.62 

(Classes  130,140,150  & 170) 

Class  160 

4 

4 

4 

1.00 

1.00 

1.00 

Class  180 

8 

5 

4 

0.50 

0.80 

0.80 

Class  190 

16 

0 

0 

— 

— 

0.00 

Class210 

55 

54 

43 

0.78 

0.80 

0.76 

Class220 

4 

0 

0 

— 

--- 

0.00 

Clas2345 

0 

0 

0 

— 

--- 

0.00 

(Classes  230,  240  & 250) 

Class260 

11 

4 

1 

0.09 

0.25 

0.22 

Class320 

13 

11 

2 

0.15 

0.18 

0.15 

Class330 

0 

0 

0 

— 

— 

0.00 

Class410 

28 

32 

19 

0.68 

0.59 

0.56 

Class420 

0 

0 

0 

--- 

--- 

0.00 

Class430 

7 

6 

1 

0.14 

0.17 

0.15 

Cla51234 

21 

23 

21 

1.00 

0.91 

0.91 

(Classes  510,  520,  530  & 540) 

Class610 

37 

37 

20 

0.54 

0.54 

0.48 

Class620 

26 

31 

24 

0.92 

0.77 

0.75 

Class630 

7 

6 

2 

0.29 

0.33 

0.32 

Class640 

9 

12 

1 

0.11 

0.08 

0.06 

Class650 

2 

4 

1 

0.50 

0.25 

0.25 

Class740 

1 

4 

1 

1.00 

0.25 

0.25 

Class810 

1 

0 

0 

— 

--- 

0.00 

Class820 

0 

0 

0 

— 

— 

0.00 

Class830 

0 

0 

0 

— 

--- 

0.00 

Class910 

4 

1 

1 

0.25 

1.00 

1.00 

Totals 

331 

331 

204 

Overall  Classification  Accuracy  = 0.6163 


Overall  Kappa  Statistics  = 0.5693 


Reference  Data  Sample  Size  : 33 1 . 

Classified 

Data  Classll2  Clal3457  Classl60  ClasslSO  Classl90  Class210  Class220  Class260  Class320  Class410  Class430 
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Classifled 

Data  Cla51234  Class610  Class620  Class630  Class640  Class650  Class740  ClassSlO  ClassQlO  Row  Total 


175 


<Nt^  m 


m 


(N 


CS  (N 


(N  m (N 


— tT  ^ 
CN 


(N 


in  (N  rj-  m 1— 


(N 

r- 

o 

o 

o 

o 

o 

o 

o 

'd* 

o 

o 

o 

o 

o 

o 

o 

■2 

VO 

oo 

VO 

<N 

— 

m 

m 

(N 

m 

rj* 

tT5 

Tl* 

— 

(N 

fN 

(N 

VO 

VO 

VO 

VO 

VO 

r-* 

Ov 

o 

c/) 

c/5 

CQ 

m 

c3 

c/5 

c/5 

cd 

c/5 

c/5 

Cd 

c/5 

C/5 

Cd 

c/5 

C/5 

Cd 

C/5 

C/5 

Cd 

c/5 

C/) 

Cd 

C/) 

c/5 

Cd 

to 

cd 

c/5 

C/5 

Cd 

c/5 

C/5 

Cd 

C/l 

c/5 

Cd 

</5 

C/5 

Cd 

CO 

c/5 

Cd 

c/5 

CO 

Cd 

CO 

CO 

Cd 

H 

c 

U 

U 

U 

U 

U 

U 

U 

U 

U 

U 

U 

u 

U 

U 

u 

U 

U 

£ 

_3 

O 

U 

176 


Table  6-21  : Accuracy  Report : West  Area  - 25  Land  Cover  Level  II : Reference. 
CLASSIFICATION  ACCURACY  ASSESSMENT  REPORT 


Area  ; North  West  of  Tampa.  Elorida.  Size  : About  24  kilometers  EW  & 28  kilometers  NS. 

Image  :TM2,  TM3  and  TM4  bands  Pixel  size  : 30mx30m 

Land  cover  - II  level  : Abbreviated  25  classes. 

Please  refer  to  the  "Table  6-10:  Abbreviated  Land  Cover  Classes",  for  the  class  description. 


KAPPA  (K^)  STATISTICS  : 


Class  Reference  Classified 

Number 

Producers 

Users 

Conditional  'K'  for  each 

Name 

Totals 

Totals 

Correct 

Accuracy 

Accuracy 

■K’ 

Unclassified 

0 

1 

0 

0.00 

Classl  12 

14 

3 

0 

0.00 

0.00 

-0.04 

(Classes  1 10  & 120) 

ClaI3457 

63 

17 

16 

0.25 

0.94 

0.93 

(Classes  130,140,150  & 170) 

Class  160 

4 

11 

4 

1.00 

0.36 

0.36 

Class  180 

8 

8 

4 

0.50 

0.50 

0.49 

Class  190 

16 

0 

0 

— 

___ 

0.00 

Class210 

55 

59 

41 

0.75 

0.69 

0.63 

Class220 

4 

5 

0 

0.00 

0.00 

-0.01 

Clas2345 

0 

0 

0 

— 

— 

0.00 

(Classes  230,  240  & 250) 

Class260 

11 

13 

5 

0.45 

0.38 

0.36 

Class320 

13 

17 

2 

0.15 

0.12 

0.08 

Class330 

0 

2 

0 

— 

— 

0.00 

Class410 

28 

27 

16 

0.57 

0.59 

0.55 

Class420 

0 

0 

0 

— 

— 

0.00 

Class430 

7 

0 

0 

— 

— 

0.00 

Cla51234 

21 

22 

20 

0.95 

0.91 

0.90 

(Classes  510,  520, 

530  & 540) 

Class610 

37 

8 

2 

0.05 

0.25 

0.16 

Class620 

26 

41 

23 

0.88 

0.56 

0.52 

Class630 

7 

38 

5 

0.71 

0.13 

0.11 

Class640 

9 

5 

0 

0.00 

0.00 

-0.03 

Class650 

2 

2 

1 

0.50 

0.50 

0.50 

Class740 

1 

16 

1 

1.00 

0.06 

0.06 

Class810 

1 

31 

0 

0.00 

0.00 

0.00 

Class820 

0 

1 

0 

— 

— 

0.00 

Class830 

0 

0 

0 

— 

0.00 

Class910 

4 

4 

4 

1.00 

1.00 

1.00 

Totals 

331 

331 

144 

Overall  Classification  Accuracy  = 0.4350 


Overall  Kappa  Statistics  = 0.3917 


Reference  Data  Sample  Size  : 33 1 . 

Classified 

Data  ClasslI2  Clal3457  Classl60  ClassISO  Classl90  Class210  Class220  Class260  Class320  Class410  Class430 
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Please  refer  to  the  "Table  6-10:  Abbreviated  Land  Cover  Classes",  for  the  class  description. 


Classified 

Data  Cla51234  Class6IO  Class620  Class630  Class640  Class650  Class740  ClassSIO  Class910  Row  Total 
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overall  accuracy  improvements  to  be  47.65%  (the  eastern  area)  and  41.68%  (the  western 
area)  as  compared  to  the  reference  values.  A summary  of  the  accuracy  values  is  given 
below. 


East  Area  Overall  Accuracy  K - value 

Reference:  Four  Bands  (TM2,  TM3,  TM4,  TM5),  0.307  0.267 

Gaussian,  30-m  resolution 

Mixed  Combinations:  Nine  Bands,  Bayesian,  10  m 0.454  0.354 

West  Area 

Reference:  Three  Bands  (TM2,  TM3,  TM4),  0.435  0.392 

Gaussian,  30-m  resolution 

Mixed  Combinations:  Six  Bands,  Bayesian,  30  m 0.616  0.569 


The  above  accuracy  values  are  the  best  values  obtained  in  this  project.  I believe 
that  the  improvements  over  the  reference  values  are  high  enough  to  conclude  that  the 
texture  measures  have  enough  merit  to  warrant  investigation  towards  its  use  in  land  cover 
classification. 


Accuracy  Analysis — Part  6 

The  texture  measures  for  all  the  above  analyses  are  calculated  using  the  3x3  window 
size.  However,  the  texture  measures  may  be  caleulated  using  other  window  sizes  also. 
Because,  above  analyses  are  not  giving  exceptionally  good  results,  I surmised  that  either 
there  are  not  very  strong  texture  values,  or  the  texture  measures  employed  are  not  that 
suitable,  or  they  simply  add  noise  because  there  are  more  variation  within  a class.  However, 
it  would  be  interesting  to  check  the  effect  of  window  size  other  than  3x3.  Thus,  the  texture 
measures  are  calculated  using  the  window  size  of  5x5.  The  standardizing  multipliers  and 
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adjusted  numbers  are  given  in  Table  6-22.  The  best  band  combinations  found  in  the  analysis 
part-4  are  used.  That  way,  the  9 band  combination  (Spectral  - 3,  Entropy  - 3,  and 
Correlation/Horizontal  - 3)  is  used  for  the  eastern  area,  and  the  6 band  combination 
(Spectral  - 2,  Entropy  - 2,  and  Angular  Second  Moments/Horizontal-Vertical  - 2)  is  used 
for  the  western  area.  The  results  along  with  the  error  matrices  are  given  in  Table  6-23  and 
Table  6-24.  In  the  eastern  area,  the  accuracy  values  with  5x5  window  size  is  higher  than  the 
reference  values  but  lower  than  the  values  with  3x3  window  size.  However,  in  the  western 
area,  the  accuracy  values  with  5x5  window  size  is  lower  than  both  the  reference  values  and 
the  values  with  3x3  window  size. 


A summary  of  the  accuracy  values  is  given  below. 


East  Area 

Overall  Accuracy 

K - value 

Reference:  Four  Bands  (TM2,  TM3,  TM4,  TM5), 

0.286 

0.252 

Gaussian,  30-m  resolution 

Nine  Bands,  3x3  window  size,  Bayesian,  10  m 

0.513 

0.439 

Nine  Bands,  5x5  window  size,  Bayesian,  10  m 

0.395 

0.314 

West  Area 

Reference:  Three  Bands  (TM2,  TM3,  TM4), 

0.420 

0.381 

Gaussian,  30-m  resolution 

Six  Bands,  3x3  window  size,  Bayesian,  30  m 

0.614 

0.568 

Six  Bands,  5x5  window  size,  Bayesian,  30  m 

0.282 

0 183 

Accuracy  Analysis — Part  7 

In  the  earlier  analyses,  the  FLUCCS  has  been  taken  as  the  standard  land  cover 
classification.  However,  classification  systems  other  than  FLUCCS  are  also  available.  One 
such  system  is  created  by  the  “Florida  Game  and  Fresh  Water  Fish  Commission 
(FGFWFC)”.  As  a test  case,  new  land  cover  identification  accuracy  analyses  are  attempted 
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Table  6-22  : Multipliers  and  Adjusted  Numbers  for  the  5x5  Window  size. 

The  range  of  the  calculated  texture  ’DN’  values  for  the  image  often  needs  to  be  adjusted  to  the 
radiometric  range  of  0-255  for  the  one  byte  data  file  system.  It  is  done  by  multiplying  all  the  values 
with  a suitable  'Multiplier'.  The  multiplier  values  used  for  each  of  the  bands  for  the  entire  image  are 
given.  The  maximum,  the  minimum  and  the  mean  values  for  each  bands  after  the  multiplications  are 
also  given.  Some  of  the  'DN'  values  after  the  multiplication  may  be  outside  the  radiometric  range. 
These  numbers  are  adjusted  to  the  range  of  0-255.  That  is,  all  the  values  smaller  than  0 will  be 
assigned  the  value  of  0,  and  all  the  values  larger  than  255  will  be  assigned  the  value  of  255. 

Since  these  adjusted  'DN'  values  are  the  potential  source  of  error,  they  are  kept  as  low  as  possible. 
The  number  of 'DN'  values  which  were  adjusted  down  to  255  or  up  to  0 are  reported  as 
the  'Adjusted  Numbers'. 

The  texture  image  created  with  the  5 by  5 window  size  texture  measure  ignores  the  values  at  the 
edge  of  the  image. 

Window  Size  : 5 x 5. 


EASTERN  SITE  : Image;  2715  Rows,  2469  Columns.  10m  Pixel  Size. 

Total  number  of  pixels  6703335. 


Non-directional  texture  measure  : Adjusted  Numbers 


BAND  1 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Average 

1 

241 

43 

15 

St.  Dev. 

1 

128 

4 

0 

Entropy 

50 

161 

102 

0 

BAND  2 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Average 

1 

173 

70 

6 

St.  Dev. 

1 

128 

5 

0 

Entropy 

50 

161 

107 

0 

BAND  3 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Average 

1 

254 

90 

4 

St.  Dev. 

1 

129 

12 

0 

Entropy 

50 

161 

120 

0 

Directional  texture  measure  : 

Horizontal. 

Adjusted  Numbers 

BAND  1 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Ang.sec.mom. 

0.2 

320 

24 

8 

5352 

Contrast 

0.007 

11956 

9 

0 

18719 

Correlation 

10000 

100 

96 

-100 

0 

6169 

BAND  2 

Multiplier 

Max 

Min 

Mean 

to  255 

Ang.sec.mom. 

0.2 

320 

19 

8 

27922 

Contrast 

0.007 

10209 

9 

0 

36293 

Correlation 

10000 

100 

97 

0 

0 

32497 
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Table  6-22;  Continued. 


BAND  3 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Ang.sec.mom. 

0.2 

320 

16 

8 

1114 

Contrast 

0.007 

12371 

39 

0 

54910 

Correlation 

10000 

100 

93 

-100 

0 

11727 

WESTERN  SITE  : Image:  935  Rows,  807  Columns.  30m  Pixel  Size. 

Total  number  of  pixels  754545. 


Non-directional  texture  measure  : Adjusted  Numbers 


BAND  1 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Average 

1 

223 

64 

3 

St.  Dev. 

1 

108 

22 

0 

Entropy 

50 

161 

108 

0 

BAND  2 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Average 

1 

228 

79 

0 

St.  Dev. 

1 

112 

24 

0 

Entropy 

50 

161 

119 

0 

Directional  texture  measure  : 

Horizontal. 

Adjusted  Numbers 

BAND  1 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Ang.sec.mom. 

0.15 

240 

15 

6 

0 

Contrast 

0.0005 

364 

13 

0 

37 

Correlation 

100 

100 

94 

-100 

0 

497 

BAND  2 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Ang.sec.mom. 

0.15 

240 

11 

6 

0 

Contrast 

0.0005 

362 

15 

0 

60 

Correlation 

100 

100 

69 

-100 

0 

1966 

Directional  texture  measure  : 

Vertical. 

Adjusted  Numbers 

BAND  1 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Ang.sec.mom. 

0.15 

240 

15 

6 

0 

Contrast 

0.0005 

425 

14 

0 

58 

Correlation 

100 

100 

63 

-100 

0 

1697 

BAND  2 

Multiplier 

Max 

Min 

Mean 

to  255 

to  0 

Ang.sec.mom. 

0.15 

240 

11 

6 

0 

Contrast 

0.0005 

395 

16 

0 

85 

Correlation 

100 

100 

68 

-100 

0 

2334 
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Table  6-23  : East  Area  - Accuracy  Report.  Texture  with  5x5  window,  for  25  classes. 
CLASSIFICATION  ACCURACY  ASSESSMENT  REPORT 
Area  : East  of  Tampa,  Florida.  Size  : About  25  kilometers  EW  & 27  kilometers  NS. 

Image  :TM2/TM3,  TM4,  TM5,  and  6 Texture  bands 
Texture  bands  - 6 : Entropy  - 3,  and  Correlation  (horizontal)  - 3. 

Bayesian  Classification  Land  cover  - 11  level ; 25  classes. 

Pixel  size  : lOmxlOm 

Please  refer  to  the  "Table  6-10:  Abbreviated  Land  Cover  Classes",  for  the  class  description. 

KAPPA  (K'^)  STATISTICS  : 


Class  Reference  Classified  Number  Producers  Users 

Name  Totals  Totals  Correct  Accuracy  Accuracy 

Conditional  'K'  for  each 
'K' 

Unclassified 

0 

2 

0 

0.00 

Class  112 

27 

45 

15 

0.56 

0.33 

0.28 

(Classes  110&  120) 

Clal3457 

13 

21 

7 

0.54 

0.33 

0.31 

(Classes  130,140,150  & 170) 

Class  160 

30 

15 

4 

0.13 

0.27 

0.20 

Class  180 

8 

7 

6 

0.75 

0.86 

0.85 

Class  190 

1 

16 

0 

0.00 

0.00 

0.00 

Class210 

121 

80 

58 

0.48 

0.73 

0.58 

Class220 

30 

16 

7 

0.23 

0.44 

0.38 

Clas2345 

11 

5 

2 

0.18 

0.40 

0.38 

(Classes  230,  240  & 250) 

Class260 

3 

4 

0 

0.00 

0.00 

-0.01 

Class310 

1 

0 

0 

— 

- 

0.00 

Class320 

7 

2 

0 

0.00 

0.00 

-0.02 

Class330 

0 

0 

0 

— 

- 

0.00 

Class410 

7 

5 

2 

0.29 

0.40 

0.39 

Class420 

0 

17 

0 

— 

- 

0.00 

Class430 

19 

20 

1 

0.05 

0.05 

0.00 

Class523 

9 

6 

5 

0.56 

0.83 

0.83 

(Classes  520  & 530) 

Class610 

30 

37 

23 

0.77 

0.62 

0.59 

Class620 

10 

2 

2 

0.20 

1.00 

1.00 

Class630 

2 

1 

0 

0.00 

0.00 

-0.01 

Class640 

13 

39 

4 

0.31 

0.10 

0.07 

Class650 

0 

0 

0 

--- 

- 

0.00 

Class740 

1 

1 

0 

0.00 

0.00 

0.00 

ClassSlO 

6 

6 

2 

0.33 

0.33 

0.32 

Class820 

0 

0 

0 

— 

0.00 

Class830 

0 

2 

0 

0.00 

Totals 

349 

349 

138 

Overall  Classification  Accuracy  = 0.3954 


Overall  Kappa  Statistics  = 0.3144 


Table  6-23  - Continued.  ERROR  MATRIX 
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Please  refer  to  the  "Table  6-10;  Abbreviated  Land  Cover  Classes",  for  the  class  description. 


Classified 

Data  Class410  Class430  Class523  Class610  Class620  Class630  Class640  Class740  ClassSlO  Row  Total 
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Table  6-24  : West  Area  - Accuracy  Report.  Texture  with  5x5  window,  for  25  classes. 
CLASSIFICATION  ACCURACY  ASSESSMENT  REPORT 
Area  : North  West  of  Tampa,  Florida.  Size  : About  25  kilometers  EW  & 27  kilometers  NS. 

Image  :TM2/TM3,  TM4,  and  4 Texture  bands 

Texture  bands  - 4 : Entropy  - 2 and  Ang.  Sec.  Mom.  (horizontaFvertical)  - 2. 

Bayesian  Classification  Land  cover  - II  level : 25  classes. 

Pixel  size  : 30mx30m 

Please  refer  to  the  "Table  6-10:  Abbreviated  Land  Cover  Classes",  for  the  class  description. 


KAPPA  (K'^)  STATISTICS  : 


Class 

Reference  Classified 

Number 

Producers 

Users 

Conditional  'K'  for  each 

Name 

Totals  Totals 

Correct 

Accuracy 

Accuracy 

'K' 

Jnclassified 

0 

0 

0 

0.00 

Class  1 12 

19 

10 

1 

0.05 

0.10 

0.05 

(Classes  110&  120) 

Clal3457 

49 

194 

47 

0.96 

0.24 

0.12 

(Classes  130,140,150  & 170) 

Class  160 

5 

0 

0 

— 

0.00 

Class!  80 

17 

3 

1 

0.06 

0.33 

0.30 

Class  190 

13 

1 

0 

0.00 

0.00 

-0.04 

Class210 

66 

27 

20 

0.30 

0.74 

0.68 

Class220 

0 

0 

0 

— 

--- 

0.00 

CIas2345 

1 

0 

0 

— 

— 

0.00 

(Classes  230,  240  & 250) 

Class260 

15 

3 

1 

0.07 

0.33 

0.30 

Class320 

11 

2 

1 

0.09 

0.50 

0.48 

Class330 

3 

0 

0 

— 

— 

0.00 

Class410 

25 

66 

9 

0.36 

0.14 

0.07 

Class420 

0 

0 

0 

— 

— 

0.00 

Class430 

4 

0 

0 

— 

— 

0.00 

Cla51234 

24 

15 

10 

0.42 

0.67 

0.64 

(Classes  510,  520,  530  & 540) 

Class610 

33 

4 

1 

0.03 

0.25 

0.17 

Class620 

24 

13 

3 

0.13 

0.23 

0.17 

Class630 

11 

0 

0 

— 

— 

0.00 

Class640 

4 

0 

0 

— 

— 

0.00 

Class650 

6 

2 

2 

0.33 

1.00 

1.00 

Class740 

1 

1 

0 

0.00 

0.00 

0.00 

ClassSlO 

6 

0 

0 

— 

— 

0.00 

Class820 

0 

0 

0 

— 

— 

0.00 

Class830 

2 

0 

0 

--- 

— 

0.00 

Class910 

2 

0 

0 

— 

— 

0.00 

Totals 

341 

341 

96 

Overall  Classification  Accuracy  = 0.2815 


Overall  Kappa  Statistics  = 0. 1 826 
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Please  refer  to  the  "Table  6-10:  Abbreviated  Land  Cover  Classes",  for  the  class  description. 


Table  6-24  - Continued.  ERROR  MATRIX 
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using  the  “FGFWFC”  classification  system.  The  “FGFWFC”  system  consists  of  22  land 
cover  classes,  as  given  in  the  table  below.  The  “FGFWFC”  created  land  cover  map  is  based 
upon  the  LANDSAT  Thematic  Mapper  satellite  Imagery  dated  1985  - 1989.  These  cover 
types  corresponds  to  other  land-cover  classifications  developed  for  Florida  (e.g.  Davis  1967, 
Hartman  1978,  Soil  Conservation  Service  (undated),  Florida  Natural  Areas  Inventory  1990) 
and  allow  for  high  levels  of  accuracy.  (Cox  et  al.,  1994). 


Florida  Game  and  Fresh  Water  Fish  Commission  - Land  Cover  Classification  System. 
Code  Land  Cover 

0 Background 

1 Coastal  strand 

2 Dry  prairie 

3 Pinelands 

4 Sand  Pine  Scrub 

5 Sandhill 

6 Xeric  oak  scrub 

7 Mixed  hardwood-pine  forests 

8 Hardwood  hammocks  and  forests 

9 Tropical  hardwood  hammock 

1 0 Coastal  salt  marsh 

1 1 Freshwater  marsh  and  wet  prairie 

12  Cypress  swamp 

1 3 Hardwood  swamp 

14  Bay  swamp 

1 5 Shrub  swamp 

1 6 Mangrove  swamp 

1 7 Bottomland  hardwoods 

1 8 Open  water 

1 9 Grassland  (agriculture) 

20  Shrub  and  brushland 

2 1 Exotic  plant  communities 

22  Barren 

The  occurrences  of  these  land  covers  in  the  east  and  the  west  test  areas  are  given 
below.  The  data  is  provided  by  the  office  of  the  “Florida  Game  and  Fresh  Water  Fish 
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Commission”  and  were  presented  as  GIS  polygon  files.  Fourteen  different  land  cover 
classes  occur  in  the  east  area,  whereas  seventeen  occurs  in  the  west  area.  The  land  covers 
given  here  are  used  as  the  reference  values.  The  landcover  classes  identified  using  the 
remotely  sensed  data  were  compared  with  these  reference  values  for  accuracy  analysis. 


Code 

East  Area 
Area  (m^) 

Area  % 

0 

1151222 

0.20 

2 

16455553 

2.87 

3 

13223519 

2.31 

4 

540672 

0.09 

5 

1881415 

0.33 

6 

935478 

0.16 

7 

26498684 

4.63 

8 

53606234 

9.36 

11 

8817128 

1.54 

12 

10636245 

1.86 

13 

28832485 

5.03 

18 

9263570 

1.62 

19 

300972008 

52.55 

20 

23754534 

4.15 

22 

76209781 

13.31 

Total 

=572778528 

100.00 

Code 

West  Area 
Area  (m^) 

Area  % 

0 

1068606 

0.16 

2 

15089063 

2.19 

3 

65611130 

9.54 

4 

1625957 

0.24 

5 

4593798 

0.67 

6 

2375032 

0.35 

7 

2205008 

0.32 

8 

36242774 

5.27 

10 

5167558 

0.75 

11 

10375787 

1.51 

12 

63012336 

9.17 

13 

21217307 

3.09 

15 

760372 

0.11 

16 

1180538 

0.17 

18 

46071594 

6.70 

19 

187236384 

27.23 

20 

45204187 

6.57 

22 

178483910 

25.96 

Total  =687521344  100.00 


For  this  study,  LANDSAT  TM  images  sensed  in  1996  - 1997  with  pixel  size  of 


28.5  meters  were  acquired.  The  LANDSAT  images  were  made  available  by  the  office  of 


the  “Florida  Department  of  Environmental  Protection,  Tallahassee,  Florida”.  Six  TM 


bands  excluding  the  thermal  band  are  used.  Subsets  of  the  image  and  the  GIS  covers 
corresponding  to  the  test  areas  were  extracted. 


The  classification  accuracy  values  with  and  without  using  the  texture  measures 
were  measured.  The  difference  in  the  accuracy  values  would  indicate  the  enhancement  by 
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texture  measures  toward  the  land  cover  recognition.  A preliminary  classification  was 
conducted  using  all  the  six  TM  bands.  The  image  was  classified  according  to  the 
FGFWFC  land  cover  classes  and  accuracy  values  were  measured.  A summary  of  the 
accuracy  values  is  given  below. 

Gaussian Bayesian 

Overall  Kappa  Overall  Kappa 

Accuracy  Statistics  Accuracy  Statistics 

East  area  0.2674  0.2126  0.2791  0.2066 

West  area  0.2422  0.1975  0.2453  0.1819 

A source  of  error  may  be  due  to  the  low  accuracy  values  obtained  as  given  in  the 

table.  For  example,  a Kappa  value  of  0.20  would  imply  that  the  classification  process  was 

avoiding  20  percent  of  the  errors  that  a completely  random  classification  would  generate 

(Congalton,  1991).  The  lower  Kappa  value  indicates  only  marginal  recognition  of  the 

classes  by  the  satellite  sensed  imagery.  To  test  the  enhancement  of  the  landcover 

recognition  using  the  texture  measures  over  the  recognition  using  only  the  spectral  data,  it 

may  be  important  to  have  a substantial  base  recognition  value.  That  is,  the  original 

classification  must  be  as  accurate  as  possible  for  any  test  of  enhancement  to  be  valid.  This 

would  prevent  the  possible  error  that  the  difference  in  accuracy  values  measured  after  the 

inclusion  of  the  texture  measures  may  be  due  to  some  other  spurious  factors  and  not  due 

to  the  texture  measures.  To  increase  the  base  accuracy  values  following  steps  were  taken. 

A.  Reduction  of  the  spurious  bands  to  lower  the  dimensionality  of  the  image;  One 

of  the  problem  encountered  earlier  was  the  higher  dimensionality  of  the  image. 

Use  of  large  number  of  spurious  bands  which  do  not  contribute  substantially 

toward  the  recognition  of  the  land  cover  tend  to  lower  the  accuracy  values.  One  of 
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the  techniques  to  reduce  dimensionality  is  to  combine  highly  correlated  bands 
together.  For  that,  correlation  and  the  covariance  matrices  are  developed  between 
all  the  seven  TM  bands,  which  are  presented  in  Table  6-25.  The  high  correlation 
values  are  highlighted.  The  table  indicates  that  the  TM  bands  1,  2 and  3 are  highly 
correlated,  and  that  the  TM  bands  5 and  7 are  also  highly  correlated.  The  TM 
bands  1 , 2 and  3 are  combined  by  conducting  principal  components 
transformation  and  taking  the  first  component  as  representative  of  all  the  three 
bands.  Similarly,  the  TM  bands  5 and  7 are  combined.  This  gives  us  three  bands 
after  the  transformation. 

Band  1 (Bl)  - Combination  of  TMl,  TM2  and  TM3, 

Band  2 (B2)  - TM4,  and 

Band  3 (B3)  - Combination  of  TM5  and  TM7. 

B.  Combining  similar  land  cover  classes:  The  another  problem  in  classification  is 
the  land  cover  classes  which  are  too  similar  or  too  close  in  the  feature  space. 
Classes  with  similar  means  and  higher  standard  deviations  are  difficult  to 
distinguish.  The  means  and  the  standard  deviations  of  the  DN  values  of  each  of 
the  three  combined  bands  and  the  land  cover  classes  are  given  in  Table  6-26.  For 
each  of  the  class  pairs  the  sum  of  differences  between  means  of  each  of  the  band 
pairs  are  calculated.  Similarly,  for  each  of  the  class  pairs  the  square  root  of  the 
sum  of  squares  of  differences  between  means  of  each  of  the  band  pairs  are 
calculated.  It  indicates  that  some  of  the  mean  value  differences  between  class 
pairs  are  comparatively  small.  The  smaller  values  or  the  close  proximities  of  the 
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Table  6-25:  Covariances  and  Correlations  for  Different  Bands 


EAST  AREA  Covariance 


TMl 

TM2 

TM3 

TM4 

TM5 

TM6 

TM7 

STD 

TMl 

120.49 

10.98 

TM2 

69.45 

42.62 

6.53 

TM3 

113.46 

69.22 

118.28 

10.88 

TM4 

46.72 

32.49 

50.24 

99.20 

9.96 

TM5 

182.98 

115.78 

217.06 

132.27 

725.59 

26.94 

TM6 

9.74 

6.27 

13.22 

5.58 

56.41 

10.39 

3.22 

TM7 

130.31 

78.60 

143.08 

64.98 

413.69 

32.16 

264.93 

16.28 

Correlation 

TMl 

TM2 

TM3 

TM4 

TM5 

TM6 

TM7 

TMl 

1 

TM2 

0.97 

1 

TM3 

0.95 

0.97 

1 

TM4 

0.43 

0.50 

0.46 

1 

TM5 

0.62 

0.66 

0.74 

0.49 

1 

TM6 

0.28 

0.30 

0.38 

0.17 

0.65 

1 

TM7 

0.73 

0.74 

0.81 

0.40 

0.94 

0.61 

1 

WEST  AREA  Covariance 


TMl 

TM2 

TM3 

TM4 

TM5 

TM6 

TM7 

STD 

TMl 

175.04 

13.23 

TM2 

97.29 

56.58 

7.52 

TM3 

153.17 

89.22 

147.12 

12.13 

TM4 

84.86 

57.17 

92.46 

186.11 

13.64 

TM5 

217.16 

141.33 

261.55 

288.48 

911.97 

30.20 

TM6 

19.77 

12.69 

23.57 

27.63 

82.49 

14.48 

3.81 

TM7 

158.05 

97.15 

174.59 

145.12 

499.09 

44.51 

304.22 

17.44 

Correlation 

TMl 

TM2 

TM3 

TM4 

TM5 

TM6 

TM7 

TMl 

1 

TM2 

0.98 

1 

TM3 

0.95 

0.98 

1 

TM4 

0.47 

0.56 

0.56 

1 

TM5 

0.54 

0.62 

0.71 

0.70 

1 

TM6 

0.39 

0.44 

0.51 

0.53 

0.72 

1 

TM7 

0.68 

0.74 

0.83 

0.61 

0.95 

0.67 

1 
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Table  6-26:  Means,  Standard  Deviations  and  Order  of  Proximities. 


Bands  created  by  Principal  Components  Transformation  of  TM  bands. 

Land  Cover  Classes  created  by  Florida  Game  and  Fresh  Water  Fish  Commission. 


West  Area 


- Mean 

■ Std.  Dev.  — 

Class 

Band  1 

Band  2 

Band  3 

Band  1 

Band  2 

Band  3 

2 

26.43 

49.12 

63.70 

12.43 

10.52 

26.23 

3 

19.98 

48.91 

53.43 

7.81 

5.77 

13.17 

4 

20.01 

50.88 

49.42 

9.71 

4.65 

14.36 

5 

26.24 

52.39 

66.61 

12.23 

6.13 

25.34 

6 

19.94 

46.42 

54.43 

4.87 

9.41 

12.70 

7 

18.28 

49.63 

50.98 

4.49 

5.53 

15.61 

8 

22.40 

53.11 

53.40 

9.00 

7.36 

14.06 

10 

20.06 

35.80 

38.80 

6.87 

9.88 

10.82 

11 

24.15 

48.29 

67.26 

5.27 

7.36 

14.16 

12 

17.76 

42.82 

44.86 

4.17 

8.31 

10.93 

13 

19.15 

49.66 

48.39 

4.46 

7.43 

14.86 

15 

17.03 

46.43 

52.34 

5.31 

6.22 

16.16 

16 

22.12 

43.19 

33.95 

6.77 

7.74 

8.32 

18 

14.37 

9.77 

5.91 

5.96 

1.68 

1.91 

19 

28.76 

50.62 

61.61 

17.13 

7.22 

24.49 

20 

32.80 

53.37 

83.11 

20.29 

12.79 

40.02 

22 

42.85 

52.60 

70.98 

16.31 

8.67 

17.78 

East  Area 

Class 

Band  1 

Band  2 

Band  3 

Band  1 

Band  2 

Band  3 

2 

31.43  A 

51.14 

56.41 

9.67 

5.71 

16.09 

3 

26.70 

49.71 

42.18 

3.91 

5.18 

9.17 

4 

37.07 

51.68 

50.07 

9.49 

6.35 

11.64 

5 

33.15 

52.75 

67.90 

5.17 

5.96 

15.53 

6 

33.59 

50.93 

56.14 

9.23 

8.73 

19.01 

7 

28.51 

46.51 

50.50 

1.84 

5.17 

6.22 

8 

28.37 

52.64 

43.38 

11.79 

7.82 

19.50 

11 

33.91 

42.53 

55.37 

6.95 

9.47 

23.52 

12 

29.63 

39.58 

50.18 

6.01 

8.08 

18.08 

13 

26.45 

50.39 

■ 42.41 

2.57 

4.82 

6.21 

18 

34.24 

23.28 

12.94 

21.63 

20.55 

9.66 

19 

40.44 

56.51 

86.24 

5.49 

6.93 

16.83 

20 

30.70 

47.67 

54.65 

5.18 

6.24 

14.70 

22 

56.74 

53.24 

71.29 

21.24 

13.13 

21.26 
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Table  6-26:  Continued. 

Order  of  proximities  of  different  land  cover  classes  as  per  the  sum  of  differences  between  means. 


Class 

West  Area 

2 

11 

19 

5 

3 

6 

4 

7 

13 

4 

6 

7 

13 

15 

5 

19 

11 

6 

7 

13 

15 

8 

7 

13 

15 

10 

16 

11 

19 

12 

16 

13 

15 

20 

22 

Class 

East  Area 

2 

4 

6 

20 

11 

3 

13 

12 

8 

7 

4 

6 

20 

11 

6 

20 

11 

7 

8 

12 

11 

13 

8 

12 

13 

11 

20 

11 

20 

12 

13 

19 

22 

Order  of  proximities  of  different  land  cover  classes  as  per  the  squareroot  of  sum 
of  differences  between  squared  means. 

Class  West  Area 


2 

3 

4 

5 

6 

7 

8 

10 

11 

12 

13 

Class 

2 

3 

4 
6 

7 

8 
11 
12 


19 

11 

5 

6 

7 

15 

4 

13 

7 

8 

15 

11 

19 

15 

7 

13 

8 

13 

15 

8 

13 

15 

16 

12 

19 

13 

15 

15 

East  Area 

6 

20 

7 

4 

13 

8 

7 

6 

20 

20 

11 

7 

20 

12 

11 

13 

13 

20 

20 


8 

6 


11 


8 


13 

12 


12 
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class  means  render  class  distinction  difficult  and  classification  accuracy  low.  One 
of  the  way  to  avoid  the  problem  is  to  combine  such  classes.  Following  steps  are 
taken  to  determine  the  classes  at  close  proximities  in  feature  space.  Where,  the 
feature  space  is  defined  as  an  abstract  space  whose  dimensions  are  defined  by  the 
features  or  the  bands  of  the  image.  For  each  class  the  other  classes  with  close 
proximity  are  tabled  in  the  order  of  the  closeness.  Using  this  table  of  proximity 
and  also  considering  the  characteristics  of  the  land  cover  classes  following 
combination  of  classes  are  recognized. 


New  Code 
1 


New  name 
Forest 


2 Scrub  pine  forest 

3 Forested  wetland 

4 Grassland  & brushland 

5 Open  water 

0 Background 


Classes  combined 

3.  Pinelands,  7.  Mixed  hardwood- 

pine  forest  & 8.  Hardwood 

hammocks  and  forests. 

4.  Sand  pine  scrub  & 6.  Xeric  oak 
scrub. 

12.  Cypress  swamp,  13.  Hardwood 
swamp  & 16.  Mangrove  swamp. 

2.  Coastal  strand,  19.  Grassland 
(agriculture)  & 20.  Shrub  and 
brushland. 

1 8.  Open  water. 

Background  and  the  rest  of 

the  classes. 


C.  Choosing  new  test  areas  with  comparatively  uniform  features;  Large  number  of 
complex  land  cover  classes  rendered  the  land  cover  recognition  and  classification 
accuracy  poor.  The  complexity  also  makes  it  difficult  to  observe  differences  made 


by  the  texture  bands.  Hence,  smaller  and  comparatively  uniform  sections  were 
chosen  as  the  new  test  sites.  Two  sites  each  in  the  west  and  the  east  areas  are 


chosen  considering  visual  uniformity  of  the  images.  Each  test  site  has  an 
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approximate  size  of  7 kilometers  long  east-west  and  6 kilometers  long  north-south 
as  depicted  in  Figure  6-1. 

The  reference  images  give  the  following  breakdown  of  the  occurrences  of  the 
different  land  cover  classes  in  the  chosen  four  test  sites. 


Sections:  West  - upper  West  - lower  East  - upper  East  - lower 

Class  combinations 


0.  Background 

0.072 

0.090 

0.026 

0.109 

1.  Forest 

0.242 

0.149 

0.048 

0.179 

2.  Scrub  pine  forest 

0.031 

0.00 

0.00 

0.00 

3.  Forested  wetland 

0.208 

0.098 

0.091 

0.069 

4.  Grassland  & brushland 

0.446 

0.582 

0.834 

0.574 

5.  Open  water 

0.001 

0.081 

0.001 

0.069 

After  the  above  adjustments  following  image  classifications  were  conducted  and 
corresponding  accuracy  values  were  calculated.  First,  for  each  of  the  three  bands  (Bl,  B2 
and  B3),  that  were  created  by  combining  the  TM  bands  using  the  principal  components 
transformation  technique,  texture  bands  were  created.  Then,  images  of  different  band 
combinations  were  created  for  further  analyses  and  the  accuracy  results  are  tabulated. 
First,  the  image  with  three  combined  bands  (Bl,  B2  and  B3)  was  used  for  the 
classification.  The  accuracy  values  obtained  are  given  below  and  the  values  underlined 
are  used  as  the  base  or  the  reference  values. 
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Gaussian - Bayesian 


Overall 

Accuracy 

Kappa 

Statistics 

— 

Overall 

Accuracy 

Kappa 

Statistics 

West  - upper  site 

6 TM  bands 

0.4600 

0.3407 

0.3500 

0.1920 

3 Combined  bands 

0.4025 

0.2759 

0.3575 

0.1994 

West  - lower  site 

6 TM  bands 

0.4950 

0.3176 

0.5275 

0.3488 

3 Combined  bands 

0.5100 

0.3381 

0.5150 

0.3309 

East  - upper  site 

6 TM  bands 

0.6125 

0.4275 

0.5700 

0.3206 

3 Combined  bands 

0.5925 

0.4057 

0.5050 

0.2140 

East  - lower  site 

6 TM  bands 

0.5325 

0.3812 

0.4850 

0.4234 

3 Combined  bands 

0.4975 

0.3376 

0.5575 

0.3915 

Second,  images  are  created  by  adding  the  texture  bands  separately  and  named  according 
to  the  texture  measure  used.  Thus,  each  image  has  6 bands  with  3 combined  bands  and  3 
corresponding  texture  bands.  The  images  are  classified  and  resultant  accuracy  values  are 
given  in  Table  6-27.  Third,  from  the  table  three  texture  measures,  which  gave  best 
accuracy,  values  were  recognized.  The  recognized  best  texture  measures  are  "Entropy", 
“Standard  Deviation",  and  "Correlation  - Horizontal".  New  images  using  the  best  three 
texture  measures  were  created.  Further  classification  were  conducted  and  accuracy  values 
are  given  in  Table  6-28.  The  best  accuracy  values  obtained  for  the  four  test  sites  are 
summarized  later  in  Table  6-32.  The  values  obtained  by  using  the  3 combined  bands  also 
given  as  a reference.  The  percentage  increase  over  the  overall  accuracy  value  are  also 
given  for  comparison. 

Mixed  classification  method:  An  attempt  is  made  to  improve  the  class  recognition 
and  accuracy  values  by  using  the  mixed  classification  method  as  described  in  the  earlier 
chapter.  This  method  attempts  to  improve  the  classification  accuracy  by  partially  using 
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the  different  band  combinations  designed  for  each  of  the  land  cover  classes,  as  opposite 
to  the  normal  method  of  using  only  one  combination  for  all  of  the  classes.  The  accuracy 
values  calculated  for  each  of  the  land  cover  classes  using  different  band  combinations  are 
reported  in  fable  6-29  and  Table  6-30.  From  these  two  tables,  the  best  band  combination 
giving  the  highest  Kappa  value  for  the  individual  classes  are  recognized  and  given  in 
Table  6-31.  Table  6-31  also  illustrates  the  probability  of  occurrences  of  each  of  the  land 
cover  classes  and  the  number  of  pixels  assigned  to  the  each  of  the  classes  by  the  method. 
The  classification  accuracy  values  from  the  mixed  method  is  given  in  Table  6-32.  The 
table  also  gives  the  percentage  increase  over  the  reference  overall  accuracy. 

The  above  table  shows  that  there  are  definite  but  only  marginal  increases  in  the 
classification  accuracies  when  texture  measures  were  added,  and  also  when  mixed 
method  of  classification  were  employed.  Such  low  increase  in  accuracies  may  be  due  to 
the  following  reasons. 

a.  Close  mean  values  and  high  standard  deviations  as  depicted  in  Table  6-27. 

b.  Dominant  occurrence  of  a single  land  cover  class,  in  this  case  “Grassland  & 

brushland”  class. 

c.  Lack  of  strong  texture  values  in  the  scene.  It  could  be  due  to  the  combination  of 

following  factors. 

i.  The  land  covers  do  not  have  strong  intrinsic  textural  properties,  specially 

the  directional  textures.  Table  6-27  shows  that  the  non- 
directional  texture  (Standard  deviation  and  Entropy)  values  are 
relatively  stronger  than  the  directional  texture  values. 

ii.  The  texture  measures  calculated  with  the  pixel  of  28.5  meter  size  do  not 

capture  the  texture  properties  of  the  land  covers. 

iii.  The  FGFWFC  land  cover  system  is  not  designed  in  terms  of  the 

spectral  and  the  textural  properties.  Therefore,  the  land  cover 
recognition  using  such  properties  are  only  partially  successful. 
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Figure  6-1  : 

The  study  areas  - upper  and  lower  sections. 
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Table  6-27:  Classification  Accuracies. 

Images  with  6 Bands:  3 Combined  Bands  created  by  Principal  Components 
Transformation  and  3 Corresponding  Texture  Measures. 


West  - Upoer 

— Gaussian 

— 

— Bayesian 

Texture  Bands 

Overall  Accu. 

Kappa  Stat. 

Overall  Accu. 

Kappa  Stat. 

STD 

0.4325 

0.3137 

0.3575 

0.2047 

ENT 

0.4400 

0.3256 

0.3575 

0.2029 

ASM-H 

0.3925 

0.2756 

0.3450 

0.1869 

CNT-H 

0.3800 

0.2483 

0.3150 

0.1595 

COR-H 

0.4000 

0.2735 

0.3350 

0.1825 

ASM-V 

0.4000 

0.2869 

0.3400 

0.1811 

CNT-V 

0.4025 

0.2736 

0.3100 

0.1428 

COR-V 

0.4375 

0.3186 

0.3475 

0.1882 

West  - Lower 

— Gaussian 



— Bayesian 



Texture  Bands 

Overall  Accu. 

Kappa  Stat. 

Overall  Accu. 

Kappa  Stat. 

STD 

0.4975 

0.3277 

0.5150 

0.3379 

ENT 

0.5125 

0.3441 

0.5200 

0.3383 

ASM-H 

0.4800 

0.3079 

0.5150 

0.3402 

CNT-H 

0.4950 

0.3201 

0.5325 

0.3609 

COR-H 

0.5050 

0.3353 

0.5275 

0.3527 

ASM-V 

0.4850 

0.3130 

0.5100 

0.3307 

CNT-V 

0.4750 

0.2894 

0.4850 

0.2972 

COR-V 

0.4875 

0.3145 

0.5025 

0.3205 

East  - UoDer 

— Gaussian 

— 

— Bayesian 



Texture  Bands 

Overall  Accu. 

Kappa  Stat. 

Overall  Accu. 

Kappa  Stat. 

STD 

0.6025 

0.4036 

0.6025 

0.3789 

ENT 

0.6225 

0.4446 

0.5950 

0.3582 

ASM-H 

0.4950 

0.2452 

0.4875 

0.1907 

CNT-H 

0.5750 

0.3655 

0.5800 

0.3623 

COR-H 

0.5650 

0.3469 

0.5500 

0.2802 

ASM-V 

0.6075 

0.4182 

0.5600 

0.3002 

CNT-V 

0.6175 

0.4356 

0.6350 

0.4515 

COR-V 

0.6275 

0.4460 

0.5300 

0.2419 

East  - Lower 

— Gaussian 



— Bayesian 



Texture  Bands 

Overall  Accu. 

Kappa  Stat. 

Overall  Accu. 

Kappa  Stat. 

STD 

0.5725 

0.4167 

0.5900 

0.4180 

ENT 

0.5675 

0.4064 

0.5950 

0.4292 

ASM-H 

0.5350 

0.3736 

0.5725 

0.4088 

CNT-H 

0.4975 

0.3502 

0.5675 

0.4111 

COR-H 

0.5675 

0.4065 

0.6025 

0.4345 

ASM-V 

0.5325 

0.3703 

0.5725 

0.4091 

CNT-V 

0.4500 

0.2902 

0.4925 

0.3296 

COR-V 

0.5425 

0.3737 

0.5875 

0.4095 
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Table  6-28:  Classification  accuracies  within  given  band  combinations. 


Accuracy  values  obtained  by  classifying  the  given  multibands  image. 
5 Combined  Land  Cover  Classes. 


Accuracy 

File 


West  - Upper  section: 

3 Combined  bands  only,  No  texture 

9:  3 Combined  bands,  3 ENT,  3 STD 
9:  3 Combined  bands,  3 ENT,  3 COR-H 
9:  3 Combined  bands,  3 STD,  3 COR-H 

12:  3 Combined  bands,  3 ENT,  3 STD,  3 COR-H 

West  - Lower  section: 


3 Combined  bands  only.  No  texture 

9:  3 Combined  bands,  3 ENT,  3 STD 
9:  3 Combined  bands,  3 ENT,  3 COR-H 
9:  3 Combined  bands,  3 STD,  3 COR-H 

12:  3 Combined  bands,3ENT,3STD,3COR-H 

East  - Upper  section: 

3 Combined  bands  only.  No  texture 

9:  3 Combined  bands,  3 ENT,  3 STD 
9:  3 Combined  bands,  3 ENT,  3 COR-H 
9:  3 Combined  bands,  3 STD,  3 COR-H 

12:3  Combined  bands,  3 ENT,  3 STD,  3 COR-H 

East  - Lower  section: 

3 Combined  bands  only.  No  texture 

9:  3 Combined  bands,  3 ENT,  3 STD 
9:  3 Combined  bands,  3 ENT,  3 COR-H 
9:  3 Combined  bands,  3 STD,  3 COR-H 

12:  3 Combined  bands,  3 ENT,  3 STD,  3 COR-H 


Gaussian 

Bayesian 

Overall  K 

Overall  K 

Accuracy  Stat. 

Accuracy  Stat. 

0.4025 

0.2759 

0.3575 

0.1994 

0,4400 

0.3230 

0.3625 

0.2115 

0.4475 

0.3326 

0.3375 

0.1855 

0.4075 

0.2771 

0.3550 

0.2044 

0.4550 

0.3402 

0.3500 

0.2001 

0.5100 

0.3381 

0.5150 

0.3309 

0.5075 

0.3394 

0.5300 

0.3594 

0.5125 

0.3467 

0.5250 

0.3499 

0.5025 

0.3326 

0.5075 

0.3302 

0.5125 

0.3476 

0.5275 

0.3568 

0.5925 

0.4057 

0.5050 

0.2140 

0.5125 

0.2259 

0.5200 

0.2176 

0.5000 

0.2453 

0.5075 

0.2149 

0.4875 

0.2039 

0.5050 

0.1962 

0.4950 

0.2899 

0.5300 

0.2221 

0.4975 

0.3376 

0.5575 

0.3915 

0.5500 

0.3876 

0.6000 

0.4343 

0.5950 

0.4394 

0.6075 

0.4388 

0.5375 

0.3714 

0.5775 

0.4027 

0.5400 

0.3727 

0.5675 

0.3886 
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Table  6-29:  Best  Class  Kappa  Values  - A. 

Images  with  6 bands;  3 Combined  Bands  created  by  Principal  Components  Transformation 
and  3 Corresponding  Texture  Measures. 

Gaussian Bayesian 


West-Upoer 

Class  1 

Class  2 

Class  3 

Class  4 

Class  5 

Class  1 

Class  2 

Class  3 

Class  4 

Class  5 

STD 

0.2017 

0.1641 

0.2161 

0.4911 

0.7940 

0.2042 

0.1486 

0.1046 

0.4098 

0.00 

ENT 

0.2133 

0.1379 

0.3137 

0.5316 

0.6738 

0.0862 

0.2337 

0.2502 

0.4868 

0.00 

ASM-H 

0.1848 

0.0940 

0.3152 

0.5769 

0.3839 

0.0657 

0.3432 

0.4101 

0.4013 

0.00 

CNT-H 

0.1067 

0.1641 

0.1820 

0.5712 

0.7842 

0.1441 

0.1790 

0.0095 

0.4635 

0.00 

COR-H 

0.1520 

0.1420 

0.2025 

0.5628 

0.8547 

0.1625 

0.1641 

0.0328 

0.4970 

0.00 

ASM-V 

0.1962 

0.1069 

0.2251 

0.6253 

0.6170 

0.0579 

0.2816 

0.4241 

0.4253 

0.00 

CNT-V 

0.1049 

0.1612 

0.1076 

0.4620 

0.7695 

-0.0232 

0.0596 

0.1031 

0.3994 

0.00 

COR-V 

0.1671 

0.1930 

0.2396 

0.4819 

0.6170 

0.0635 

0.1379 

0.3073 

0.3849 

0.00 

Gaussian 

West-Lower 

Class  1 

Class  2 

Class  3 

Class  4 

Class  5 

Class  1 

Class  2 

Class  3 

Class  4 

Class  5 

STD 

0.1742 

0.00 

0.2769 

0.4155 

0.7342 

0.1915 

0.00 

0.3149 

0.3966 

0.7342 

ENT 

0.1514 

0.00 

0.3072 

0.4667 

0.8730 

0.1612 

0.00 

0.3656 

0.4040 

0.8694 

ASM-H 

0.1351 

0.00 

0.3237 

0.4469 

0.8615 

0.1608 

0.00 

0.4755 

0.4338 

0.8615 

CNT-H 

0.1149 

0.00 

0.1992 

0.4374 

0.7608 

0.2730 

0.00 

0.2239 

0.4554 

0.7608 

COR-H 

0.1572 

0.00 

0.3237 

0.4679 

0.6667 

0.2100 

0.00 

0.3534 

0.4074 

0.7019 

ASM-V 

0.1307 

0.00 

0.3582 

0.4550 

0.8615 

0.1443 

0.00 

0.4813 

0.4258 

0.8615 

CNT-V 

0.1199 

0.00 

0.2372 

0.3885 

0.6811 

0.1318 

0.00 

0.2498 

0.3859 

0.6811 

COR-V 

0.1360 

0.00 

0.2479 

0.4568 

0.7019 

0.1482 

0.00 

0.3168 

0.3859 

0.7206 

Gaussian 

Bayesian 

East-Upoer 

Class  1 

Class  2 

Class  3 

Class  4 

Class  5 

Class  1 

Class  2 

Class  3 

Class  4 

Class  5 

STD 

0.2394 

0.00 

0.4687 

0.3696 

1.00 

0.3521 

0.00 

0.5378 

0.2803 

1.00 

ENT 

0.2481 

0.00 

0.4296 

0.4484 

1.00 

0.3336 

0.00 

0.5494 

0.2623 

1.00 

ASM-H 

0.2225 

0.00 

0.0323 

0.3904 

0.00 

0.1127 

0.00 

0.1343 

0.2625 

0.00 

CNT-H 

0.1849 

0.00 

0.5475 

0.3668 

1.00 

0.1805 

0.00 

0.4464 

0.3503 

1.00 

COR-H 

0.1991 

0.00 

0.3412 

0.3542 

1.00 

0.1254 

0.00 

0.4802 

0.2163 

1.00 

ASM-V 

0.2635 

0.00 

0.4958 

0.4151 

0.9717 

0.2314 

0.00 

0.5294 

0.2506 

1.00 

CNT-V 

0.5002 

0.00 

0.3449 

0.4017 

0.9227 

0.6113 

0.00 

0.3919 

0.3927 

1.00 

COR-V 

0.3155 

0.00 

0.4706 

0.4037 

1.00 

0.0001 

0.00 

0.3971 

0.2018 

0.00 

Gaussian 

East-Lower 

Class  1 

Class  2 

Class  3 

Class  4 

Class  5 

Class  1 

Class  2 

Class  3 

Class  4 

Class  5 

STD 

0.4117 

0.00 

0.2644 

0.4043 

0.7755 

0.3555 

0.00 

0.3534 

0.3667 

0.8095 

ENT 

0.2885 

0.00 

0.2457 

0.4519 

0.7551 

0.3092 

0.00 

0.7701 

0.4326 

0.7551 

ASM-H 

0.2321 

0.00 

0.3189 

0.4401 

0.7551 

0.2502 

0.00 

0.6169 

0.4610 

0.7884 

CNT-H 

0.3865 

0.00 

0.1297 

0.4647 

0.8095 

0.3512 

0.00 

0.2394 

0.4261 

0.8275 

COR-H 

0.3653 

0.00 

0.2337 

0.4047 

0.7482 

0.3865 

0.00 

0.6169 

0.3676 

0.7482 

ASM-V 

0.2429 

0.00 

0.2337 

0.4326 

0.7594 

0.2604 

0.00 

0.4253 

0.4675 

0.7884 

CNT-V 

0.4121 

0.00 

0.1342 

0.2783 

0.7844 

0.3951 

0.00 

0.1531 

0.3005 

0.8022 

COR-V 

0.3712 

0.00 

0.2055 

0.3360 

0.7884 

0.3609 

0.00 

0.3614 

0.3465 

0.7922 
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Table  6-30:  Best  Class  Kappa  Values  - B. 


Images  with  3,  6,  or  12  bands/measures. 

3 Combination  Bands  created  by  Principal  Components  Transfonnation 
Texture  Measures  are  created  out  of  the  corresponding  combination  bands. 


Gaussian Bayesian 


West-Unner  Class  1 

Class  2 

Class  3 

Class  4 

Class  5 

Class  1 

Class  2 

Class  3 

Class  4 

Class  5 

3 Combination 

0.1417 

0.0716 

0.3620 

0.5420 

0.6223 

0.1115 

0.7126 

0.2715 

0.3386 

0.00 

9;ENT,STD 

0.1919 

0.1671 

0.2229 

0.5212 

0.8867 

0.1732 

0.1954 

0.1455 

0.4246 

0.00 

9:ENT,COR-H 

0.1688 

0.1972 

0.2798 

0.6357 

0.8531 

0.1497 

0.1713 

0.0798 

0.5082 

0.00 

9:STD,COR-H 

0.2222 

0.1739 

0.1772 

0.5168 

0.8921 

0.2168 

0.2082 

0.0581 

0.4126 

0.00 

2:EN,ST,CORH 

0.1893 

0.1989 

0.2963 

0.5287 

0.9292 

0.2222 

0.1759 

0.0552 

0.4155 

0.00 

Gaussian 

West-Lower  Class  1 

Class  2 

Class  3 

Class  4 

Class  5 

Class  1 

Class  2 

Class  3 

Class  4 

Class  5 

3 Combination 

0.1653 

0.00 

0.2915 

0.4539 

0.8694 

0.1709 

0.00 

0.2961 

0.4074 

0.8367 

9:ENT,STD 

0.2072 

0.00 

0.2705 

0.4354 

0.7279 

0.2155 

0.00 

0.3288 

0.4255 

0.7491 

9:ENT,COR-H 

0.1766 

0.00 

0.3455 

0.4728 

0.6667 

0.1992 

0.00 

0.3437 

0.4145 

0.7019 

9:STD,COR-H 

0.1676 

0.00 

0.3375 

0.4316 

0.6429 

0.1701 

0.00 

0.3430 

0.4037 

0.6429 

2:EN,ST,CORH 

0.2028 

0.00 

0.3440 

0.4360 

0.6429 

0.2113 

0.00 

0.3676 

0.4219 

0.6114 

Gaussian 

East-Upper  Class  1 

Class  2 

Class  3 

Class  4 

Class  5 

Class  1 

Class  2 

Class  3 

Class  4 

Class  5 

3 Combination 

0.1823 

0.00 

0.2471 

0.4648 

0.9075 

0.1478 

0.00 

0.2668 

0.2401 

0.00 

9;ENT,STD 

0.2516 

0.00 

0.5798 

0.1971 

0.00 

0.3521 

0.00 

0.5396 

0.1582 

0.00 

9:ENT,COR-H 

0.1926 

0.00 

0.1384 

0.3645 

0.00 

0.1887 

0.00 

0.2437 

0.2416 

0.00 

9:STD,COR-H 

0.1645 

0.00 

0.2072 

0.2544 

0.00 

0.1670 

0.00 

0.4853 

0.1622 

0.00 

2:EN,ST,CORH 

0.1609 

0.00 

0.1765 

0.4350 

0.3349 

0.00 

0.00 

0.5294 

0.1522 

0.00 

Gaussian 

East-Lower  Class  1 

Class  2 

Class  3 

Class  4 

Class  5 

Class  1 

Class  2 

Class  3 

Class  4 

Class  5 

3 Combination 

0.2378 

0.00 

0.0996 

0.4326 

0.7482 

0.2424 

0.00 

0.7126 

0.4490 

0.7551 

9:ENT,STD 

0.4132 

0.00 

0.2200 

0.3593 

0.7884 

0.4150 

0.00 

0.3894 

0.3637 

0.8059 

9:ENT,COR-H 

0.4164 

0.00 

0.3369 

0.4003 

0.7635 

0.4067 

0.00 

0.6169 

0.3617 

0.7635 

9:STD,COR-H 

0.4140 

0.00 

0.1886 

0.3461 

0.7714 

0.4180 

0.00 

0.3166 

0.3191 

0.7884 

2;EN,ST,CORH 

0.1609 

0.00 

0.1765 

0.4350 

0.3349 

0.00 

0.00 

0.5294 

0.1522 

0.00 
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Table  6-31:  Best  Band  combinations 


The  best  band/measure  combination  giving  the  highest  Kappa  value  for  the  individual  classes. 


Assigned 


Class 

Texture 

Method 

Kappa 

Probability 

Pixel  No. 

West  - Upper  section: 

Class  1 

Band  6:  3 Combined  bands,  3 CNT-H 

Bayesian 

0.2730 

0.242 

11808 

Class  2 

Band  3;  3 Combined  bands 

Bayesian 

0.7126 

0.031 

1532 

Class  3 

Band  6:  3 Combined  bands,  3 ASM-V 

Bayesian 

0.4813 

0.208 

10200 

Class  4 

Band  9:  3 Combined  bands,  3 ENT,  3 COR-H 

Gaussian 

0.6357 

0.446 

22108 

Total  = 

0.829 

West  - Lower  section: 

Class  1 

Band  6:  3 Combined  bands,  3 CNT-H 

Bayesian 

0.2730 

0.149 

7472 

Class  2 

Class  3 

Band  6:  3 Combined  bands,  3 ASM-V 

Bayesian 

0.4813 

0.098 

4908 

Class  4 

Band  9:  3 Combined  bands,  3 ENT,  3 COR-H 

Gaussian 

0.4728 

0.582 

29028 

Total  = 

0.927 

East  - Upper  section: 

Class  1 

Band  6:  3 Combined  bands,  3 CNT-V 

Bayesian 

0.6113 

0.048 

2360 

Class  2 

Class  3 

Band  9:  3 Combined  bands,  3 ENT,  3 STD 

Gaussian 

0.5494 

0.091 

4696 

Class  4 

Band  3:  3 Combined  bands 

Gaussian 

0.4648 

0.834 

40884 

Total  = 

0.973 

East  - Lower  section: 

Class  1 

Band  9:  3 Combined  bands,  3 STD,  3 COR-H 

Bayesian 

0.4180 

0.179 

8928 

Class  2 

Class  3 

Band  6:  3 Combined  bands,  3 ENT 

Bayesian 

0.7701 

0.069 

3516 

Class  4 

Band  6:  3 Combined  bands,  3 ASM-V 

Bayesian 

0.4675 

0.574 

28776 

Total  = 

0.822 

Total  pixels  in  each  sites  = 


49560 
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Table  6-32:  Accuracy  values  of  the  selected  methods 

Accuracy  values  out  of  the  selected  Thematic  and  Mixed  bands/measures  methods. 


Overall  K % 


Accuracv  File 

Accuracv 

Statistics 

Increase 

West  - Upper  section: 

3 Combined  bands  (Reference) 

0.4025 

0.2759 

12:  3 Combined  bands,  3 ENT,  3 STD,  3 COR-H  (Gaussian) 

0.4550 

0.3402 

13.04 

Mixed  band/measure  method 

0.4400 

0.3200 

9.32 

West  - Lower  section: 

3 Combined  bands  (Reference) 

0.5100 

0.3381 

6:  3 Combined,  3 CNT-H  (Bayesian) 

0.5325 

0.3609 

4.41 

9:  3 Combined,  3 ENT,  3 STD  (Bayesian) 

0.5300 

0.3594 

3.92 

Mixed  band/measure  method  (6) 

0.5175 

0.3243 

1.47 

Mixed  band/measure  method  (9) 

0.5425 

0.3548 

6.37 

East  - Upper  section: 

3 Combined  bands  (Reference) 

0.5925 

0.4057 

6:  3 Combined,  3 CNT-V  (Bayesian) 

0.6350 

0.4515 

7.17 

Mixed  band/measure  method 

0.5975 

0.3646 

0.84 

East  - Lower  section: 

3 Combined  bands  (Reference) 

0.4975 

0.3376 

9:  3 Combined  bands,  3 ENT,  3 COR-H  (Bayesian) 

0.6075 

0.4388 

22.11 

Mixed  band/measure  method 

0.6125 

0.4426 

23.12 

CHAPTER  7 

DISCUSSION  AND  CONCLUSIONS 


Summary  and  Validity  Assessment 

This  research  provided  a measure  of  applicability  of  the  remotely  sensed  digital  data 
toward  land-cover  identification. 

The  data  consisting  of  remotely  sensed  images  of  two  areas  in  southern  Florida 
encompass  nearly  1,350  square  kilometers,  or  529  square  miles  of  land  surface.  The  size 
of  the  test  area  and  the  diversity  of  the  land  covers  were  considered  adequate  for  the 
research. 

To  reduce  the  number  of  bands  or  the  dimensionality  of  the  image,  merging  of 
highly  correlated  bands  by  the  principal-components  transformation  was  performed.  Then,  a 
matrix  of  correlation  coefficients  between  all  the  pairs  of  bands  was  produced,  and 
considering  the  coefficient  values,  the  “average”  bands  were  dropped,  while  the  Angular 
Second  Moment  (ASM)’s  horizontal  and  vertical  bands  were  merged  together. 

In  the  eastern  area,  two  images  (SPOT  with  lO-m  pixel  size  and  LANDSAT  with 
30-m  pixel  size)  were  available.  These  images  were  merged  using  Price’s  merging 
technique,  which  preserves  the  radiometric  integrity  of  the  image. 

For  each  of  the  spectral  bands  considered  nine  texture  bands  were  created.  These  are 
three  nondirectional  texture  bands,  three  directional  texture  bands  in  horizontal  direction. 
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and  three  bands  in  vertical  direction.  DN  values  of  the  texture  bands  were  obtained  using 
suitable  multipliers. 

The  test  areas  contain  35  different  types  of  Level  II  land-cover  classes  of  the  total  41 
classes  reported  in  the  state  of  Florida.  Classes  with  close  physical  characteristics  were 
combined  together.  The  closeness  of  two  classes  was  estimated  using  the  “Jefferies- 
Matushita  (J-M)  Distance”,  and  thus  the  number  of  classes  was  reduced  to  25. 

Subsequently,  the  Bayesian  classification  method  was  used,  in  order  to  assess  the 
probabilities  of  occurrences  of  the  different  land  covers. 

The  accuracy  of  the  classification  was  established  by  comparing  land  covers 
identified  by  the  image  classification  with  the  reference  land  covers.  Accuracy  estimates 
were  expressed  as  overall  accuracy  or  the  simple  percentage  of  agreement  between  the 
classified  land  covers  and  the  reference,  and  (2)  the  Kappa  coefficient  or  agreement  after 
agreement  by  chance  was  eliminated. 

In  the  eastern  area  most  of  the  texture  analyses  were  conducted  using  the  image 
with  10  meters  pixel  size,  while,  in  the  western  area  the  image  with  30  meters  pixel  size 
were  used. 

Redundant  bands  were  discarded  after  reviewing  the  plots  of  the  class  means  and 
the  standard  deviations.  It  was  assumed  that  bands  that  give  dissimilar  means  plot  to  other 
bands  and  lower  standard  deviation  would  add  comparatively  new  information  regarding 
the  land  classes.  The  total  of  class  means  differences  with  respect  to  other  bands  was 
considered  a measure  of  dissimilarity,  and  the  total  of  class  standard  deviations  as  a 
measure  of  noise.  Table  6-4  and  Table  6-5  shows  the  measures  and  also  rank  them.  Using 
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these  tables  many  of  the  redundant  bands  were  discarded  and  the  classification  accuracies 
obtained  with  the  remaining  bands  are  presented  in  Tables  6-6  and  6-7.  These  tables 
indicate  that  the  aggregate  overall  accuracy  value  improvements  are  180%  for  the  eastern 
area  and  78%  for  the  western  area  as  compared  to  the  reference  values. 

To  address  the  question  of  dimensionality,  a number  of  iterations  were  run  to  find 
the  comparatively  best  band  size.  As  shown  in  Tables  6-12  and  6-13,  the  accuracy  values 
peaked  at  about  nine  bands,  using  the  images  with  10-m  resolution  in  the  eastern  area, 
and  at  about  six  bands  using  the  images  with  30-m  resolution  in  the  western  area.  Images 
with  band  numbers  larger  than  the  given  optimum  numbers  yielded  lower  accuracy 
values. 

The  hybrid  classification  method  that  combines  the  unsupervised  and  the 
supervised  classification  techniques  to  produce  natural  clusterings  of  the  DN  values.  The 
clusters  did  not  show  any  appreciable  tendency  to  represent  the  classes,  as  shown  in 
Tables  6-14  and  6-15.  Thus,  the  hybrid  method  was  not  employed.  The  reason  for  the 
failure  is  attributed  to  the  high  spread  or  standard  deviations  of  the  DN  values  of  the  land- 
cover  classes,  which  hinders  the  formation  of  identifiable  separate  clusters  as  well  as 
clusters  associating  with  the  classes. 

As  to  the  Mixed  Classification  Method,  a “mixed-band  combinations”  classification 
method  was  developed  and  used,  where  by  the  separate  band  combinations  were  used  to 
partially  identify  the  different  classes.  To  have  a better  comparison  of  the  results  (Tables  6- 
18  and  6-20)  with  the  reference  values,  the  accuracy  values  for  the  references  were 
recalculated  using  similar  parameters.  These  accuracy  results  and  the  error  matrices  for  the 
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reference  images  are  given  in  Tables  6-19  and  6-21.  These  tables  indicate  that  the  aggregate 
overall  accuracy  value  improvements  are  47.65%  (the  eastern  area)  and  41.68%  (the 
western  area)  as  compared  to  the  reference  value.  However,  since  the  sample  size  is  not 
large  enough  to  accommodate  each  of  the  land-cover  classes,  the  conclusion  is  only 
tentative.  Thus,  there  is  an  appreciable  improvement  potential  in  the  accuracy  values.  It  is 
also  concluded  that  the  method  is  more  effective  when  the  image  has  higher  spatial 
resolution. 

The  classification  accuracies  using  the  best  9 band  combination  for  the  eastern  area 
and  the  best  6 band  combination  for  the  western  area  were  measured.  The  results  are  given 
in  Tables  6-23  and  6-24,  but  they  are  mixed  and  did  not  improve  on  the  earlier  accuracy 
values. 

To  check  the  effect  of  the  texture  measures  on  the  land  cover  classification  system 
other  than  the  FLUCCS,  the  FGFWFC  “Florida  Game  and  Fresh  Water  Fish  Commission 
(FGFWFC)”  created  system  was  used  as  a test  case.  Tables  6-28  and  6-32  summarize  the 
accuracy  results.  Which  were  comparable  to  the  results  obtained  using  the  FLUCCS. 


Conclusions 

After  conducting  repeated  tests  and  iterations  following  points  stand  out  as  relevant: 
(1)  Discarding  redundant  bands  or  the  ability  to  choose  only  a few  informative 
bands  is  a critical  matter.  It  is  important  because  of  two  related  although  different  issues. 
First,  a band  should  add  new  information  but  not  add  noise  to  be  useful.  Second,  the  use  of 
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high  number  of  bands  makes  the  problem  of  dimensionality  too  large.  Though  the  texture 
bands  do  fiimish  useful  information,  the  usefulness  is  reduced  if  too  many  bands  are  added. 
When  the  bands  exceed  an  optimum  number,  the  accuracy  value  is  reduced.  Redundant 
bands  may  be  identified  by  comparing  the  class  means  plot  and  standard  deviations.  One 
helpful  technique,  which  is  used  to  reduce  dimensionality,  is  merging  the  highly  correlated 
bands.  In  this  study,  reducing  the  band  number  through  such  merging  always  resulted  in 
higher  accuracy  values.  The  optimum  band  number  also  seems  to  depend  upon  the  spatial 
resolution  of  the  image.  It  is  recognized  that  higher  resolution  allows  the  use  of  a larger 
number  of  bands.  This  is  attributed  to  the  texture  value  measurement  at  a more  appropriate 
scale  of  10  meter  pixel  size.  In  this  study,  the  optimum  band  number  is  found  to  be  about 
nine  for  the  image  with  10-m  resolution  and  about  six  for  the  image  with  30-m  resolution. 

(2)  Contrary  to  expectation,  the  merging  of  a low-spatial  resolution  image  with  a 
high-spatial  resolution  image  to  form  a high-spatial  and  high-spectral  image  resulted  in  a 
slightly  lower  accuracy  value,  as  listed  below. 

Band 

Image  with  three  bands 
(TM2/3,  TM4,  TM5) 
and  30-m  resolution 

Image  with  three  bands 
(TM2/3,  TM4,  TM5) 
and  10-m  resolution 

However,  lowering  the  accuracy  value  is  not  significant  and  is  limited  only  within 
the  spectral  bands.  In  this  study,  the  texture  bands  gave  comparatively  better  results  with  the 


Overall  Accuracy  Kappa  Value 

0.235  0.207 


0.224  0.192 
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high-resolution  images.  It  is  expected  that  the  availability  of  images  from  the  proposed 
satellites  like  LANDS AT-7  and  SPOT-4/5,  and  also  other  sources  like  “Earthwatch”  and 
“Space  Imaging”  companies,  will  significantly  enhance  the  quality  of  the  merged  high- 
resolution  images. 

(3)  As  expected,  the  Bayesian  technique  of  maximum-likelihood  supervised 
classification  system  demonstrated  to  be  better  than  the  normal  Gaussian  maximum- 
likelihood  classification  system.  The  normal  Gaussian  method  always  gave  lower  accuracy 
values  whereas  the  Bayesian  method  yielded  higher  accuracy  values  most  of  time  (Tables  6- 
12  and  6-13).  The  Bayesian  method  offered  higher  accuracy  in  the  east  site,  but  in  the  west 
site,  it  yielded  mixed  higher  and  lower  accuracy  values.  This  may  be  due  to  the  fact  that  the 
east  site  has  higher  spatial  resolution  than  the  west  site  and  that  higher  spatial  resolution  is 
required  to  capture  the  discriminating  texture  values.  This  discussion  indicates  that  it  is 
imperative  to  be  able  to  use  the  Bayesian  technique.  In  other  words,  for  any  significant 
improvement  in  the  class-identification  accuracy,  a priori  knowledge  of  the  probabilities  of 
the  land-cover  class  occurrences  is  needed. 

(4)  The  usefulness  of  the  texture  measures  may  be  ascertained  from  the 
classification  accuracy  values  given  in  Tables  6-12  and  6-13  that  show  the  “Kappa”  and 
“Overall  accuracy”  values  measured  using  three  spectral  and  three  given  texture  bands,  plus 
the  Bayesian  classification  method.  Considering  the  accuracy  values,  the  following 
observation  can  be  made  regarding  the  usefulness  of  the  texture  measures;  The  addition  of 
each  of  the  texture  measures  yielded  higher  accuracy  values.  Hence,  each  of  the  texture 


measures  eontributed  useful  information. 
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The  relative  usefulness  of  the  texture  bands,  according  to  this  study,  may  also  be 
obtained  from  the  same  tables.  Using  the  “Kappa”  value  as  a measure,  the  textiues  can  be 
listed  in  the  following  order  of  usefulness. 


East  Area: 


West  Area: 


Order  Texture  Measure  Texture  Measure 

1 Entropy  Entropy 

2 Correlation — Horizontal  ASM(Horiz.A^ert.) 

3 Contrast — Vertical  Contrast — Horizontal 

4 ASM  (Horiz.A^ert.)  Contrast — Vertical 

5 Correlation — Vertical  Correlation — Horizontal 

6 Standard  Deviation  Correlation — Vertical 

7 Contrast — Horizontal  Standard  Deviation 


Thus,  this  study  demonstrates  that  the  “Entropy”  texture  band  is  the  best.  However, 
considering  the  accuracy  values  in  both  the  eastern  and  western  areas,  no  clear  order  of 
usefulness  emerges.  It  may  be  noted  that  this  is  not  a definitive  conclusion  concerning  the 
usefulness  of  the  texture  measures.  To  have  a better  hold  on  the  relative  usefulness  of  the 
texture  measures,  the  effects  of  the  different  window  sizes,  orientations  of  the  directional 
textures,  and  the  pixel  sizes  need  to  be  worked  out.  And  also,  a much  larger  sample  size 
need  to  be  used  to  attain  a better  statistical  hold. 

The  study  concludes  that  the  usefulness  of  a given  texture  depends  upon  many 
factors,  including  the  spatial  resolution  of  the  image  and  that  the  texture  usefulness  is  very 
much  a site-specific  phenomenon. 

(5)  The  use  of  texture  bands  for  identification  is  not  significant  to  each  of  the  land- 
cover  classes.  A summary  of  the  accuracy  values  measured  for  each  of  the  individual 
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abbreviated  25  land-cover  classes  is  given  in  Appendix  F for  the  east  site,  and  in  Appendix 
G for  the  west  site.  The  best  two  “Kappa”  values  and  the  corresponding  texture  measures 
for  both  the  eastern  and  western  areas  are  listed  in  Tables  6-16  and  6-17.  The  tables  also 
indicate  the  Kappa  values  that  are  higher  than  30%,  which  is  arbitrarily  assumed  as 
significant.  The  land-cover  classes,  for  which  the  texture  bands  are  considered  useful  for 
identification,  are  as  follows: 

East  site:  710/120,  130/140/150/170,  160,  180,  190, 

210,  220,  230/240/250,  320,  520/530, 

610,  620,  810,  and  830. 

West  site:  110/120,  130/140/150/170,  160,  180,210, 

320,  410,  430,  510/520/530/540,  610, 

620,  630,  640,  650,  and  910. 

(6)  In  this  study,  the  hybrid  technique,  which  incorporates  the  supervised  and  the 
unsupervised  classification  techniques,  did  not  produce  good  results.  This  may  be  due  to  the 
dimensionality  problem  or  poorer  texture  value  measurements.  Better  results  may  be 
achieved  perhaps  by  using  only  a few  relevant  bands  and  better  texture  measurements. 

(7)  The  mixed-band  combinations  classification  method  gave  better  accuracy 
values.  The  standard  classification  method  uses  only  one  band  combination,  which  becomes 
the  basis  for  the  identification  of  all  classes.  However,  the  best  identification  of  a given 
class  is  obtained  only  when  a band  combination  specific  to  the  particular  class  is  used.  The 
mixed-band  combinations  classification  method  utilizes  the  separate  band  combinations  to 
identify  the  different  classes.  In  this  study,  only  a part  of  the  pixels  were  classified  using 
this  method.  In  the  east  the  new  accuracy  value  was  higher  than  the  reference  value  but 
lower  than  the  value  with  3x3  window  size.  It  shows  improvements  in  the  accuracy  values. 


215 


(8)  The  use  of  different  kinds  of  land  cover  classification  systems  does  not  provide 
substantially  different  accuracy  results. 

Research  Relevance 

The  research  sought  to  develop  a computer-automated  method  to  enhance  land- 
cover  classification  accuracy  within  the  parameters  of  current  commercially  available 
technology.  Evaluated  were:  (1)  the  use  of  texture  bands,  (2)  the  optimum  band 
combination,  (3)  the  Gaussian  and  the  Bayesian  classification  system,  (4)  the  hybrid 
classification  systems,  and  finally,  (5)  the  mixed-band  combination.  The  dissertation  also 
looked  into  the  possibility  of  wider  applications  of  satellite-sensed  images,  especially  as  a 
cheaper  and  faster  alternative  to  aerial  photography. 

In  this  study,  the  best  overall  accuracy  obtained  is  61.6%  (Kappa,  56.9)  using  the 
mixed-band  combination  method.  It  may  be  interesting  to  compare  it  with  the  results  of 
other  similar  studies.  Moore  and  Bauer’s  (1990)  classification  of  forest  vegetation  in  the 
Itasca  State  Park,  Minnesota — using  LANDSAT  imagery — yielded  accuracies  ranging  Ifom 
26%  to  86%.  Gong  and  Howarth  (1992b)  obtained  an  accuracy  value  of  46.2%  (Kappa) 
using  the  maximum-likelihood  classifier  method  with  14  land-use  classes  in  the  rural-urban 
fringe  of  Toronto.  Smith  et  al.  (1992)  visually  classified  images  and  obtained  92%  accuracy 
by  merging  the  SPOT  and  LANDSAT  imagery  of  south  Florida.  Rutchey  and  Vilchek 
(1994)  calculated  an  overall  accuracy  value  of  81%  (Kappa,  73.5%),  using  a hybrid 
classification  method  for  six  wetland  classes  of  the  Florida  Everglades  (Jensen  et  al.,  1995). 
C.P.  Lo  of  the  University  of  Georgia  (1997)  obtained  87%  overall  accuracy  value  (Kappa, 
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82.74%)  using  the  hybrid  classification  method  and  visual  post  classification  correction  for 
six  land-cover  classes  of  the  Atlanta  Metropolitan  Area  in  Georgia.  A direct  comparison 
between  these  studies  is  difficult  to  make,  because  they  use  different  techniques  and  also 
varied  number  of  landcover  classes.  In  general,  it  is  hard  to  achieve  higher  accuracy  when 
an  automated  technique  is  used,  and  also  when  the  classification  expands  over  a large 
number  of  land-cover  classes. 

It  is  concluded  that  the  texture  values  are  useful,  and  that  they  can  enhance  the 
accuracy.  However,  not  all  of  the  texture  bands  have  the  same  discriminating  power.  It  is 
also  observed  that  the  usefulness  of  the  texture  bands  varies  depending  upon  factors  like 
the  pixel  size,  the  land-cover  class,  and  scale  of  variation  in  the  landscape. 
Dimensionality  is  a major  problem  because  it  prohibits  the  use  of  the  maximum  number 
of  the  available  bands.  In  this  study,  the  optimum  number  of  available  bands  was  found  to 
be  nine  for  the  image  with  10-m  resolution  and  to  be  six  for  the  image  with  30-m 
resolution.  It  was  also  determined  that  the  Bayesian  classification  method  is  more 
accurate  than  the  normal  Gaussian  method.  The  Gaussian  method  did  not  provide  any 
appreciable  improvements.  Hence,  the  prior  knowledge  of  the  probabilities  of  a land- 
cover  class  occurrences  is  important  to  enhance  accuracy.  The  hybrid  technique  did  not 
produce  good  results  in  this  study  although  it  improved  results  of  earlier  works.  However, 
only  a small  number  of  classes  were  used  in  earlier  studies.  Thus,  identifiable 
unsupervised  clusterings  of  pixel  values  require  distinct  differences  in  class  properties 
and  may  have  only  limited  application  for  land-cover  classification  at  level  II.  The  mixed- 
band  classification  method  yielded  improved  accuracy  though  the  improvement  was  only 
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marginal.  Finally,  it  is  concluded  that  accuracy  improvement  is  not  significant  enough  to 
totally  replace  aerial  photography  analysis  with  remotely  sensed  imagery.  Anderson  et  al. 
(1976)  stipulates  the  minimum  accuracy  standard  of  85%  for  land  use/cover  mapping  using 
remote  sensor  data.  As  shown  above,  the  overall  accuracy  values — though  improved — are 
still  below  this  number.  However,  some  accuracy  values  achieved  for  a number  of  classes 
are  higher  than  the  stipulated  limit.  It  was  proven  that  the  texture  measures  do  improve 
the  classification,  though  marginally.  Therefore,  it  is  a potentially  useful  tool  for  land 
cover  classification.  However,  more  work  needs  to  be  done  to  learn  about  its 
characteristics  to  render  it  more  useful.  By  then  only  the  satellite  based  remotely  sensed 
images  may  be  able  to,  perhaps  partially,  replace  the  aerial  photography  analysis. 

Future  Research  Directions 

The  results  reached  by  this  study  indicate  that  further  work  on  the  following 
research  issues  could  lead  toward  better  results. 

1 . Defining  the  land  cover  classes  as  per  different  land  uses  and  concerns  with  an 
understanding  of  their  inherent  spectral  and  textural  properties. 

2.  Establishing  the  accuracy  level  required  for  the  individual  land-cover  classes  as 
per  different  land  uses  and  concerns. 

3.  Improvements  in  accuracy  through  the  use  of  images  with  better  spectral  and 
spatial  resolution  must  be  attempted. 

4.  Further  study  on  the  different  texture  properties  of  the  land  covers  as  per  different 
textures  measures  and  the  inherent  parameters  like  the  window  sizes  are  necessary. 
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5.  Development  of  a priori  methods  for  determining  the  best  texture  measurements. 

6.  A better  understanding  of  the  dimensionality  problem  and  parameters  defining 
the  optimum  band  size  must  be  achie^'ed. 

7.  Further  analysis  is  to  done  about  the  unsupervised  clustering  pertaining  to  land- 
cover  classes  at  level  II.  The  hybrid  classification  method  has  given  better  results  in  earlier 
studies,  though  in  this  case  the  result  was  not  so  encouraging. 

8.  The  pixel  size  of  the  image  seems  to  have  an  effect  on  the  texture  measurement.  It 
is  stipulated  that  the  definition  of  texture  measure  also  should  be  qualified  with  the  pixel 
size  or  the  spatial  resolution,  as  well  as  the  scale  of  image  observation.  Thus,  the 
understanding  of  the  fractal  nature  of  the  texture  will  be  helpful. 

9.  Finally,  further  research  on  the  mixed-band  classification  method  will  require 
special  statistical  analysis  to  define  the  vector  distance  of  a given  pixel  from  a class  mean 


when  different  band  combinations  are  used. 


APPENDIX  A 

IMAGE  MERGING  METHOD 
FORTRAN  PROGRAM 
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C APPENDIX  A:  IMAGE  MERGING  METHOD  - FORTRAN  PROGRAM. 

C MERGING  LANDSAT  AND  SPOT-PAN  USING  PRICE’S  TWO  STAGE 
C METHOD. 

C FILE  : MERGE.FOR 

C PAN  - IMAGE  ARRAY  OF  SPOT-PAN  WITH  IR  ROWS  AND  IC  COLUMNS 
C LAN  - IMAGE  ARRAY  OF  LANDSAT  WITH  IR/3  ROWS  AND  IC/3  COLUMNS 
C THE  VALUE  OF  DECIDING  CORRELATION  COEFFICIENT  DETERMINES 
C THE  MERGING  METHOD  STAGE  USED 

INTEGER*!  IVL,  ISPOT,  ILDST,  IHYB 

INTEGER*2  VL,  PAN(3600,3600),  LAN(  1200, 1200),  HYBRID 

INTEGER  TABLEC(0:255),  TABLE(0:255) 

CHARACTER*20  SPOT 
CHARACTER*20  LANDSAT 

WRITE  (*,*) '%%%  WELCOME  TO  THE  MERGING  OF  SPOT  AND  LANDSAT 
! IMAGE' 

WRITE  (*,*)  'USING  PRICES  TWO  STAGE  METHOD  %%%’ 

WRITE  (*,*) '%%%%%  PROGRAMMED  BY  %%%%%' 

WRITE  (*,*) '%%%  TILAK  B.  SHRESTHA,  UNIVERSITY  OF  FLORIDA  %%%' 
WRITE  (*,*) '%%%  REMEMBER  THAT  THE  HYBRID  IMAGE  IS  OF  THE  SIZE' 
WRITE  (*,*)  'EQUAL  TO  THE  SPOT  BUT  THREE  TIMES  OF  THE  LANDSAT 
! %%%' 

C PUT  THE  VALUE  FOR  DECIDING  CORRELATION  COEFFICIENT,  FILE 
C NAMES,  PAN(IR,IC)  & LAN(IR/3,IC/3)  SIZES 

WRITE  (*,*) '%%%  CHECK  THE  PAN  & LAN  ARRAY  SIZES  AT  THE  TOP 
! %%%' 

WRITE  (*,*) '%%%  ENTER  THE  VALUE  FOR  DECIDING  CORR. 

! COEFF.(DCC)’ 

WRITE  (*,*)  'SUGGESTED  VALUES  (0.75,  0.80,  0.85,  0.90,  0.95)  %%%’ 

READ  (*,*)  DCC 

WRITE  (*,*)  '%%%  ENTER  THE  SPOT  IMAGE  FILE  NAME  - SPOT.LAN  %%%' 
READ  (*,8)  SPOT 

8 FORMAT  (A) 

WRITE  (*,*) '%  ENTER  THE  LANDSAT  IMAGE  FILE  NAME  - LANDSAT.LAN 
! %’ 

READ  (*,9)  LANDSAT 

9 FORMAT  (A) 

WRITE  (*,*) '%  ENTER  THE  HYBRID  IMAGE  ROWS  & COLUMNS  SIZES- 
! IR,IC 

READ  (*,*)  IR,  IC 

OPEN  (5,  FILE  = SPOT,  STATUS  = 'OLD',  FORM  = 'BINARY') 

OPEN  (6,  FILE  = LANDSAT,  STATUS  = 'OLD',  FORM  = 'BINARY') 
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OPEN  (7,  FILE  = 'HYBRID.LAN',  STATUS  = 'UNKNOWN',  FORM  ^'BINARY') 
OPEN  (8,  FILE  = 'SAMPLE.MRG',  STATUS  = 'UNKNOWN') 

C MAKE  SURE  THAT  ROWS  AND  COLUMNS  IN  THE  LAN  ARRAY  IS  ONE 
C THIRD 

C OF  THE  PAN  ARRAY  AND  BE  AN  INTEGER 

C INITIALIZE  TO  0 
DO  101=  1,IR 
DO  10  J=  1,IC 
PAN(I,J)  = 0 
LAN(I,J)  = 0 
10  CONTINUE 

C WRITE  THE  FIRST  128  BYTES  FOR  HEADER  RECORDS. 

DOI=  1,  128 

READ  (5,  ERR  = 99,  END  = 99)  IVL 
WRITE  (7,  ERR  = 99)  IVL 
END  DO 

C READ  AND  CREATE  'IRHC  PAN  ARRAY 
DO  201  = 1,IR 
DO  20  J=  1,IC 

READ  (5,  ERR  = 99,  END  = 99)  IVL 
IF  (IVL.GE.O)  GOTO  12 
VL  = 256  + IVL 
GO  TO  13 

12  VL  = IVL 

13  PAN(I,J)  = VL 
20  CONTINUE 

C READ  AND  CREATE 'IR/3*IC/3' LAN  ARRAY 
DO30I=  l,IR/3 
DO30  J=  l,IC/3 

READ  (6,  ERR  = 99,  END  = 99)  IVL 
IF  (IVL.GE.O)  GO  TO  22 
VL  = 256  + IVL 
GO  TO  23 

22  VL  = IVL 

23  LAN(I,J)  = VL 
30  CONTINUE 

C RUN  THE  WINDOW  OVER  THE  PAN  ARRAY  FOR  THE  AVERAGE  VALUES 
C AND 

C COMPARE  WITH  THE  LAN  VALUES  TO  FIND  CORRELATION  AND 
C ESTIMATES 
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C FOR  REGRESSION  COEFFICIENTS  - SLOPE(A)  AND  INTERCEPT(B). 


SMX  = 0 ! SUM  OF  AVERAGES  OF  PAN 

SMY  = 0 ! SUM  OF  LAN  VALUES 

SMXY  = 0 ! SUM  OF  CROSS  PRODUCT 

SMXX  = 0 ! SUM  OF  AVP  SQUARES 

SMYY  = 0 ! SUM  OF  XS  SQUARES 


DO  40  IE  = 1 , lR/3  ! COUNTER  FOR  LAN  ARRAY 
DO  40  JL=  l,IC/3 

IP  = (IL- 1 )*3  ! COUNTER  FOR  PAN  ARRAY 

JP  = (JL-I)*3 


C AVP  = AVERAGE  OF  WINDOW  IN  PAN  ARRAY 

AVP  = FLOAT  ((PAN(IP+l,JP+I)+PAN(IP+I,JP+2)+PAN(IP+UP+3) 

! +PAN(IP+2,JP+l)+PAN(IP+2,JP+2)+PAN(IP+2,JP+3)+PAN(IP+3,JP+l ) 
! +P  AN(IP+3 , JP+2)+P  AN(IP+3 , JP+3)))/9 

XS  = FLOAT(LAN(IL,JL))  ! VALUE  FROM  LAN  ARRAY  PIXEL 
SMX  = SMX  + AVP 
SMY  = SMY  + XS 
SMXY  = SMXY  + AVP*XS 
SMXX  = SMXX  + AVP*  *2 
SMYY  = SMYY  + XS**2 
40  CONTINUE 


SXX  = SMXX  - SMX**2*9/FLOAT(IR*IC) 

SYY  = SMYY  - SMY**2*9/FLOAT(IR*IC) 

SXY  = SMXY  - SMX*SMY*9/FLOAT(IR*IC) 

A = SXY/SXX  ! GRADIENT 

B = SMY*9/FLOAT(IR*IC)  - A*SMX*9/FLOAT(IR*IC)  ! INTERVAL 
R = SXY/SQRT(SXX*SYY)  ! CORRELATION  COEFFICIENT 

C END  OF  RUN  OVER  THE  PAN  AND  LAN  ARRAYS  TO  DETERMINE 
C THE  CORRELATION  COEFFICIENT 

WRITE  (*,*)  'END  OF  RUN  OVER  ARRAYS  FOR  COR.  COEF.’ 

WRITE  (*,*)  'GRADIENT,  INTERVAL,  COR.COEF.  =',  A,  B,  R 
WRITE  (8,  50,  ERR  = 99)  A,  B,  R 

50  FORMAT  (/,  3X,'GRADIENT  =',  F7.3,  3X,  'INTERVAL  =',  F7.3,3X, 

! 'COR.COEF.  =',  F6.4,/) 


C TO  CREATE  THE  MERGED  OR  HYBRID  IMAGE 

C THE  DECISION  OF  THE  STAGE  OF  MERGING  METHOD  DEPENDS  UPON 
C DVR 

C COUNTERS  FOR  MAXIMA  AND  MINIMA 
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WRITE  (8,  55,  ERR  = 99) 

55  FORMAT  (/,  lOX,  TWO  BYTES  SAMPLE',  //,  10X,'7x7  WINDOW’,  /, 
! 6X,  'AFTER  128TH  BYTE  AT  TOP  LEFT  CORNER',  //,  5X,  'SPOT', 

! 2X,  'LANDSAT',  3X,  'HYBRID',  /) 


IMX  = 0 
IMN  = 999 

IF  (ABS(R).LT.DCC)  GO  TO  80 

C RUN  OVER  THE  ARRAYS  TO  CREATE  HYBRID  IMAGE 
60  DO  IH  = 1 , IR  ! COUNTER  FOR  HYBRID  & PAN  ARRAYS 
DO  JH=  1,IC 

IL  = (IH- 1 )/3  + 1 ! COUNTER  FOR  LAN  ARRAY 

JL  = (JH-l)/3  + 1 

XS  = FLOAT(LAN(IL,JL))  ! LARGE  LOW  RESOLUTION  LAN  ARRAY 

IF  (ABS(R).LT.DCC)  GO  TO  65 

C STAGE  ONE  METHOD  : ABS(R).GE.DCC 

XS  1 = A * FLOAT(PAN(IH,JH))  + B ! HIGH  RESO  ESTIMATE 
XS  1 AV  = A * FLOAT((P AN((IL- 1 )* 3+ 1 ,( JL- 1 ) * 3+ 1 ) 

! +PAN((IL-l)*3+l,(JL-l)*3+2)+PAN((IL-l)*3+l,(JL-l)*3+3) 

! +PAN((IL-l)*3+2,(JL-l)*3+l)+PAN((IL-l)*3+2,(JL-l)*3+2) 

! +PAN((IL-l)*3+2,(JL-l)*3+3)+PAN((IL-l)*3+3,(JL-l)*3+l) 

! +PAN((IL-l)*3+3,(JL-l)*3+2)+PAN((IL-I)*3+3,(JL-I)*3+3) )) 

! /9  + B ! SMALL  SIZE  AVERAGE  OF  XSI  WITHIN  XS 
GO  TO  70 

C STAGE  TWO  METHOD  : ABS(R).LT.DCC 
65  XSI  = TABLE(PAN(IH,JH)) 

XSI  AV  = (TABLE(PAN((IL-1)*3+1,(JL-1)*3+1)) 

! + TABLE(PAN((IL-I)*3+l,(JL-l)*3+2)) 

! + TABLE(PAN((IL-I)*3+l,(JL-l)*3+3)) 

! + TABLE(PAN((IL-1)*3+2,(JL-1)*3+1)) 

! + TABLE(PAN((IL-2)*3+2,(JL-l)*3+2)) 

! + TABLE(PAN((IL-2)*3+2,(JL-l)*3+3)) 

! + TABLE(PAN((IL-3)*3+3,(JL-l)*3+l)) 

! + TABLE(PAN((IL-3)*3+3,(JL-l)*3+2)) 

! + TABLE(PAN((IL-3)*3+3,(JL-l)*3+3)) ) / 9 

70  IF  (XSIAV.NE.O)  GO  TO  71 
HYBRID  = 0 

GO  TO  72 

7 1 HYBRID  = NINT  (XS  * XS  1 / XS  1 AV)  ! MERGED  ARRAY 

72  IF  (IMX.GE.HYBRID)  GO  TO  73 
IMX  = HYBRID 


73  IF  (IMN.LE.HYBRID)  GO  TO  75 
IMN  = HYBRID 

75  WRITE  (7,  ERR  = 99)  HYBRID 
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C WRITE  TOP  LEFT  CORNER  7x7  WINDOW  IN  2 BYTE  FORMAT 
IF  (IH.GT.7  .OR.  JH.GT.7)  GO  TO  77 
WRITE  (8,  76,  ERR  = 99)  PAN(IH,JH),  LAN(IH,JH),  HYBRID 

76  FORMAT  (319) 

77  END  DO 

WRITE  (*,*)  'PAN  ROW',  IH 
END  DO 
GO  TO  85 

C LOOK  UP  TABLE  FOR  STAGE  TWO 

C TABLE  = LOOK  UP  TABLE  - AVERAGE  VALUES  FROM  XS, 
CORRESPONDING 

C TO  THE  0 TO  255  VALUES  OF  THE  PAN 

C TABLEC  = TABLE  COUNTER  : A COUNTER  TO  CHECK  THE  NUMBER  OF 
C XS 

C TO  THE  EACH  OF  THE  0 TO  255  VALUES  OF  THE  PAN 

C INITIALIZATION  TO  0 
80  DO  I = 0,  255 
TABLE(I)  = 0 
TABLEC(I)  = 0 
END  DO 

DO  IL=  I,  IR/3 
DO  JL=  I,IC/3 

IPAVEC  = PAN((IL-1)*3+I,(JL-1)*3+1) 

! +PAN((IL-  I )*  3+1  ,(JL-  1 )*3+2)+PAN((IL- 1 )*3+l  ,(JL- 1 )*3+3) 

! +PAN((IL- 1 )*3+2,(JL- 1 )*3+ 1 )+PAN((IL- 1 )*  3+2,(JL- 1 )*3+2) 

! +PAN((IL-l)*3+2,(JL-I)*3+3)+PAN((IL-l)*3+3,(JL-I)*3+I) 

! +PAN((IL-I)*3+3,(JL-l)*3+2)+PAN((IL-I)*3+3,(JL-I)*3+3) 

IPAVE  = NINT(FLOAT(IPAVEC)/9) 

! AVERAGE  OF  PAN  VALUES  WITHIN  XS 

XS  = FLOAT(LAN(IL,JL)) 

TABLEC(IPAVE)  = TABLEC(IPAVE)  + I 

TABLE(IPAVE)  = (TABLE(IPAVE)  * (FLOAT(TABLEC(IPAVE))  - I) 

! + XS)  / FLOAT(TABLEC(IPAVE)) 

END  DO 
END  DO 
GO  TO  60 
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85  WRITE  (*,*)  'MAXIMA  AND  MINIMA  OF  HYBRID',  IMX,  IMN 
WRITE  (*,*)  'GRADIENT,  INTERVAL,  COR.COEF.  =',  A,  B,  R 
C WRITE  INTO  THE  SAMPLE  OUTPUT  FILE  THE  MAXIMA,  MINIMA, 
C 1 28  HEADER  RECORDS,  AND  22  VALUES  TO  ADD  TO  1 50. 

WRITE  (8,  90)  IMX,  IMN 

90  FORMAT  (/,10X,  'ONE  BYTE  SAMPLE',//,  4X,  'MAXIMA  =', 

! 2X,I5,4X,  'MINIMA  =',  2X,I5,  //,  5X,  'SPOT',  2X, 

! 'LANDSAT',  3X,'HYBRID',  //) 

REWIND  5 
REWIND  6 
REWIND  7 

DOI=  1,  150 

READ  (5,  ERR  = 99,  END  = 99)  ISPOT 
READ  (6,  ERR  = 99,  END  = 99)  ILDST 
READ  (7,  ERR  = 99,  END  = 99)  IHYB 
WRITE  (8,  95,  ERR  = 99)  ISPOT,  ILDST,  IHYB 
95  FORMAT  (319) 

END  DO 

C END  THE  PROGRAM  - THANKS,  BYE 
GO  TO  100 

99  WRITE  (*,*)  'ERROR  STOP',  CHAR(7) 

100  STOP 
END 


APPENDIX  B 

NON-DIRECTIONAL  TEXTURES 
FORTRAN  PROGRAM 
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C TEXTURE  FROM  'SIMPLE  STATISTICAL  TRANSFORMATION'.  FILE: 

C SST.FOR 

C WS  = WINDOW  SIZE;  3,  5,  7,  9. 

C PIX(IR,IC)  - IMAGE  SIZE  OF  ROWS(IR)  AND  COLUMNS(IC). 

INTEGER*!  WS,  W,  IVL,  lAV,  ISD,  lEN,  ENTM(0:255) 

INTEGER*2  VL,  PIX(27 16,2470),  IC,  IR 

INTEGER*4  AVE,  STD,  ENT,  AVET,  STDT,  ENTT,  AAVE,  ASTD,  AENT 
REAL  MAV,  MSD,  MEN 
CHARACTER*20  FNAME 

WRITE  (*,*)  '%%%  WELCOME  TO  THE  - REMOTELY  SENSED  TEXTURE' 
WRITE  (*,*)  'FROM  SIMPLE  STATISTICAL  TRANSFORMATION  %%%' 
WRITE  (*,*) '%%%%%  PROGRAMMED  BY  %%%%%' 

WRITE  (*,*) '%%%  TILAK  B.  SHRESTHA,  UNIVERSITY  OF  FLORIDA  %%%' 
WRITE  (*,*) '%%%  REMEMBER  THAT  THE  RESULTING  TEXTURE  IMAGE, 
! AFTER' 

WRITE  (*,*)  'ADJUSTING  FOR  THE  WINDOW  SIZE  (WS),  GETS  TRIMMED' 
WRITE  (*,*)  'AT  EDGE  BY  (WS-l)/2  %%%' 

C PUT  THE  VALUES  FOR  WINDOW  SIZE  (WS),  FILE  NAME,  PIX(IR,IC) 

C SIZE,  AND  MULTIPLIERS  FOR  AVE,  STD,  ENT  : IMAV,  IMSD,  IMEN 

WRITE  (*,*) '%%%  ENTER  THE  VALUE  FOR  WINDOW  SIZE  (3,5,7,9)  %%%' 
READ  (*,*)  WS 

WRITE  (*,*) '%%%  ENTER  THE  IMAGE  FILE  NAME  - IMAGE.LAN  %%%' 
READ  (*,9)  FNAME 
9 FORMAT  (A) 

WRITE  (*,*)  '%%  ENTER  THE  IMAGE  ROWS  AND  COLUMNS  SIZE  - IR,IC 
! %%' 

READ  (*,*)  IR,  IC 

WRITE  (*,*) '%%%  ENTER  THE  MULTIPLIER  VALUES  FOR  AVE,STD,ENT' 
WRITE  (*,*)  'SUGGESTED  VALUES  ARE  10,  100,  100  %%%' 

READ  (*,*)  MAV,  MSD,  MEN 
W = WS**2 

OPEN  (5,  FILE  = FNAME,  STATUS  = 'OLD',  FORM  = 'BINARY') 

OPEN  (6,  FILE  = 'D:\TILAK\FOR\AVE.LAN',  STATUS  = 'UNKNOWN', 

@ FORM  = 'BINARY') 

OPEN  (7,  FILE  = 'D:\TILAK\FOR\STD.LAN',  STATUS  = 'UNKNOWN', 

@ FORM  = 'BINARY') 

OPEN  (8,  FILE  = 'D:\TILAK\FOR\ENT.LAN',  STATUS  = 'UNKNOWN', 

@ FORM  = 'BINARY') 

C INITIALIZE  TO  0 
DO  101  = 1,IR 
DO  10  J=  1,IC 
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PIX(I,J)  = 0 
10  CONTINUE 

C WRITE  THE  FIRST  8 BYTES  FOR  HEADER  RECORDS. 
DO  I = 1,  8 

READ  (5,  ERR  = 99.  END  = 99)  IVL 
WRITE  (6,  ERR  = 99)  IVL 
WRITE  (7,  ERR  = 99)  IVL 
WRITE  (8,  ERR  = 99)  IVL 
END  DO 

C WRITE  THE  BAND  NUMBER  TO  BE  1 . 

READ  (5,  ERR  = 99,  END  = 99)  IVL 
IVL=  1 

WRITE  (6,  ERR  = 99)  IVL 
WRITE  (7,  ERR  = 99)  IVL 
WRITE  (8,  ERR  = 99)  IVL 

C WRITE  THE  NEXT  7 BYTES  FOR  HEADER  RECORDS. 
DO  I = 1,7 

READ  (5,  ERR  = 99,  END  = 99)  IVL 
WRITE  (6,  ERR  = 99)  IVL 
WRITE  (7,  ERR  = 99)  IVL 
WRITE  (8,  ERR  = 99)  IVL 
END  DO 

C WRITE  THE  COLUMN  NUMBER  TO  BE  'IC-WS+E. 
READ  (5,  ERR  = 99,  END  = 99)  IVL 
IVI  = (IC-WS+l)/256 
IVL  = IC-WS+1  -256*IVI 
WRITE  (6,  ERR  = 99)  IVL 
WRITE  (7,  ERR  = 99)  IVL 
WRITE  (8,  ERR  = 99)  IVL 
READ  (5,  ERR  = 99,  END  = 99)  IVL 
IVL  = IVI 

WRITE  (6,  ERR  = 99)  IVL 
WRITE  (7,  ERR  = 99)  IVL 
WRITE  (8,  ERR  = 99)  IVL 

C WRITE  THE  NEXT  2 BYTES  FOR  HEADER  RECORDS. 
DO  I = 1,2 

READ  (5,  ERR  = 99,  END  = 99)  IVL 
WRITE  (6,  ERR  = 99)  IVL 
WRITE  (7,  ERR  = 99)  IVL 
WRITE  (8,  ERR  = 99)  IVL 
END  DO 
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C WRITE  THE  ROW  NUMBER  TO  BE  'IR- WS+ 1 ' . 

READ  (5,  ERR  = 99,  END  = 99)  IVL 
IVI  = (IR-WS+l)/256 
IVL  = IR-WS+1  -256HVI 
WRITE  (6,  ERR  = 99)  IVL 
WRITE  (7,  ERR  = 99)  IVL 
WRITE  (8,  ERR  = 99)  IVL 
READ  (5,  ERR  = 99,  END  = 99)  IVL 
IVL  = IVI 

WRITE  (6,  ERR  = 99)  IVL 
WRITE  (7,  ERR  = 99)  IVL 
WRITE  (8,  ERR  = 99)  IVL 

C WRITE  THE  NEXT  1 06  BYTES  FOR  HEADER  RECORDS. 
DOI=  1,  106 

READ  (5,  ERR  = 99,  END  = 99)  IVL 
WRITE  (6,  ERR  = 99)  IVL 
WRITE  (7,  ERR  = 99)  IVL 
WRITE  (8,  ERR  = 99)  IVL 
END  DO 


lAl  =0 
IA2  = 0 
IA3  = 0 
IA4  = 0 

151  =0 

152  = 0 

153  = 0 

154  = 0 
lEl  =0 
IE2  = 0 
IE3  = 0 
IE4  = 0 


AVET  = 0 
STDT  = 0 
ENTT  = 0 

C READ  AND  CREATE  'IRHC  FIX  ARRAY 
DO50I=  1,IR 
DO50  J=  1,IC 

READ  (5,  ERR  = 99,  END  = 99)  IVL 
IF  (IVL.GE.O)  GO  TO  30 
VL  = 256  + IVL 
GO  TO  40 


30  VL  = IVL 
40  PIX(I,J)  - VL 
50  CONTINUE 
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C COUNTER  FOR  MAXIMUMS  AND  MINIMUMS 
IMXAV  = 0 
IMXSD  = 0 
IMXEN  = 0 
IMNAV  = 999 
IMNSD  = 999 
IMNEN  = 999 

C RUN  THE  WINDOW  OVER  THE  PIX  ARRAY 

C BE  CAREFUL  NOT  TO  EXCEED  ARRAY  SIZE 

DO  M = 1 , IR+ 1 - WS  ! WINDOW  MOVEMENT  ADJUSTED  FOR  EDGE 

DON=  LIC+l-WS 

C INITIALIZE  ENTM-MATRIX 
DO  60  I = 0,  255 
ENTM(I)  = 0 
60  CONTINUE 

C COMPUTE  TEXTURE  ATTRIBUTES  AVE,  STD,  ENT 
IVE  = 0 ! AVERAGE  COUNTER 

ISQ  = 0 ! ST  DEV  COUNTER 

lEC  = 0 ! ENTROPY  COUNTER 

C RUN  INSIDE  THE  WINDOW 
DO  701-  1,  WS 
DO  70J-  1,  WS 
IVE  = IVE  + PIX(I+M-1,  J+N-1) 

ISQ  = ISQ  + PIX(I+M-1,  J+N-1)* *2 
lEC  = PIX(I+M- 1 , J+N- 1 ) ! ENTROPY  COUNTER 

ENTM(IEC)  = ENTM(IEC)  + 1 ! ENTROPY  MATRIX 

70  CONTINUE 

C AVERAGE 

AVE  - NINT  (MAV  * FLOAT(IVE)/FLOAT(W)) 

AVET  = AVET  + AVE 

C STANDARD  DEVIATION 

STD  = NINT  (MSD  * SQRT  ((FLOAT(ISQ)-FLOAT(IVE**2)/FLOAT(W)) 
!/(FLOAT(W)-l))) 

STDT  = STDT  + STD 
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C ENTROPY  ! ENTV  - ENTROPY  COUNTERS 

ENTV  = 0 
DO  80K  = 0,  255 
IF  (ENTM(K).EQ.O)  GO  TO  80 

ENTV  = ENTV  - MEN  * FLOAT(ENTM(K))/FLOAT(W) 

! * ALOG(FLOAT(ENTM(K))/FLOAT(W)) 

80  CONTINUE 
ENT  = NINT(ENTV) 

ENTT  = ENTT  + ENT 
IF  (IMXAV.GE.AVE)  GO  TO  84 
IMXAV  = AVE 

84  IF  (IMNAV.LE.AVE)  GO  TO  85 
IMNAV  = AVE 

85  IF  (IMXSD.GE.STD)  GO  TO  86 
IMXSD  = STD 

86  IF  (IMNSD.LE.STD)  GO  TO  87 
IMNSD  = STD 

87  IF  (IMXEN.GE.ENT)  GO  TO  88 
IMXEN  - ENT 

88  IF  (IMNEN.LE.ENT)  GO  TO  89 
IMNEN  = ENT 

C RECORD  THE  ATTRIBUTES  IN  CORRESPONDING  FILES  AVE,  STD,  ENT. 
C REMEMBER  THAT  THE  SIZE  OF  IMAGE  IS  (IR,IC),  BUT  THE 
C RESULTING  TEXTURE  IMAGE  NEEDS  TO  BE  ADJUSTED  FOR  THE 
WINDOW 

C SIZE,  AND  THE  CREATED  TEXTURE  IMAGE 
C SIZE  IS  (IR-WS+1,  IC-WS+1). 

89  IF  (AVE.GE.256)  lAl  = lAl+I 
IF  (AVE.GE.512)  IA2  = IA2+1 
IF  (AVE.GE.768)  IA3  = IA3+1 
IF  (AVE.GE.1024)  IA4  = IA4+1 
IF(STD.GE.256)IS1  =IS1+1 
IF  (STD.GE.512)  IS2  = IS2+1 
IF  (STD.GE.768)  IS3  = IS3+1 
IF  (STD.GE.1024)  IS4  = IS4+1 
IF  (ENT.GE.256)  lEl  = IEl+1 
IF  (ENT.GE.512)  IE2  = IE2+1 
IF  (ENT.GE.768)  IE3  = IE3+1 
IF  (ENT.GE.1024)  IE4  = IE4+1 

IF  (AVE.GE.256)  AVE  = 255 
IF  (STD.GE.256)  STD  = 255 
IF  (ENT.GE.256)  ENT  = 255 


lAV  = AVE 
ISD  = STD 
lEN  = ENT 
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WRITE  (6,  ERR  = 99)  lAV 
WRITE  (7,  ERR  = 99)  ISD 
WRITE  (8,  ERR  = 99)  lEN 

C END  THE  WINDOW  RUN  OVER  THE  FIX  ARRAY 
92  END  DO 

GLI  -FLOAT(INT(FLOAT(M)/100.0)) 

GL2  = FLOAT(M)/100.0 

IF  (GL1.EQ.GL2)  WRITE  (*,*)  'ROW  BY  100th  : M 

END  DO 

AAVE  = AVET/M/N 
ASTD  = STDT/M/N 
AENT  = ENTT/M/N 

WRITE  (*,*)  'MAXIMUM,  MEAN  AND  MINIMUM  OF  AVE,  STD,  ENT' 
WRITE 

(*,*)IMXAV,AAVE,IMNAV,IMXSD,ASTD,IMNSD,IMXEN,AENT,IMNEN 
WRITE  (*,*)  'NUMBER  OF  AVE  - VALUES  OVER  256,  512,  768,  1024' 
WRITE  (*,*)  lAl,  IA2,  IA3,  IA4 

WRITE  (*,*)  'NUMBER  OF  STD  - VALUES  OVER  256,  512,  768,  1024' 
WRITE  {**)  ISl,  IS2,  IS3,  IS4 

WRITE  (*,*)  'NUMBER  OF  ENT  - VALUES  OVER  256,  512,  768,  1024' 
WRITE  (*,*)  lEl,  IE2,  IE3,  IE4 

C END  THE  PROGRAM  - THANKS,  BYE 
GO  TO  100 

99  WRITE  (*,*)  'ERROR  STOP',  CHAR(7) 

100  STOP 
END 


APPENDIX  C 

DIRECTIONAL  TEXTURES 
FORTRAN  PROGRAM 
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C TEXTURE  FROM  'GRAY  LEVEL  CO-OCCURRENCE  MATRIX'.  FILE  : 

C GLCM.FOR 

C lOR  = ORIENTATION;  CLOCKWISE 

C 1 = HORIZONTAL,  2 = 45  DEG,  3 = VERTICAL,  4=135  DEG 
C WS  = WINDOW  SIZE;  3,  5. 

C PX(IR,IC)  - IMAGE  SIZE  OF  ROWS(IR)  AND  COLUMNS(IC). 

INTEGER*!  WS,  IPX(2470),  IVL 

INTEGER*!  ISM2,  INT2,  IOR2,  BSM(2470),  BNT(2470),  BOR(2470) 
INTEGER*2  PX(27 16,2470),  ME(20),  MN(20),  MC(40) 

INTEGER*4  ASM,CNT,COR 
REAL  MAS,  MCN,  MCR1,MCR2 

REAL*8  RCOR,  RCORR,  RCORRR,  RCORX,  RCORN 
COMMON  /A/  ME,  MN 
CHARACTER*20  FNAME 

WRITE  (*,*) '%%%%%  WELCOME  TO  THE  REMOTELY  SENSED  TEXTURE' 
WRITE  (*,*)  'FROM  GRAY  LEVEL  CO-OCCURRENCE  MATRIX  %%%' 
WRITE  (*,*) '%%%%%  PROGRAMMED  BY  %%%%%' 

WRITE  (*,*) '%%%  TILAK  B.  SHRESTHA  , UNIVERSITY  OF  FLORIDA  %%%' 
WRITE  (*,*) '%%%  REMEMBER  THAT  THE  RESULTING  TEXTURE  IMAGES 
! AFTER' 

WRITE  (*,*)  'ADJUSTING  FOR  THE  WINDOW  SIZE  (WS),  GETS  TRIMMED' 
WRITE  (*,*)  'AT  THE  EDGE  BY  (WS-l)/2  %%%' 

WRITE  (*,*) '%%%???  WARNING  - PLEASE  CHECK  THE  ALOTTED' 

WRITE  (*,*)  'PX(IR,IC)  SIZE  AT  THE  TOP  ???%%%%’ 

C PUT  THE  VALUES  FOR  WINDOW  SIZE  (WS),  ORIENTATION  (lOR), 

C FILE  NAME,  PX(IR,IC)  SIZE,  AND  MULTIPLIERS  FOR 
C ASM,  CNT,  COR  : MAS,  MCN,  MCR 

WRITE  (*,*) '%%%  ENTER  THE  VALUE  FOR  WINDOW  SIZE  (3,5)  %%%' 
READ  (*,*)  WS 

WRITE  (*,*) '%%%  ENTER  THE  VALUE  FOR  ORIENTATION,  STARTING' 
WRITE  (*,*)  'FROM  CLOCKWISE  HORIZONTAL  STAGE  (1, 2,3,4)  %%%' 
READ  (*,*)  lOR 

WRITE  (*,*) '%%%  ENTER  THE  IMAGE  FILE  NAME  - IMAGE.LAN  %%%' 
READ(*,  10)  FNAME 
10  FORMAT  (A) 

WRITE  (*,*) '%%  ENTER  THE  IMAGE  ROWS  AND  COLUMNS  SIZE  - IR,IC 
! %%' 

READ(*,*)IR,  IC 
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WRITE  (*,*)  ’%%  ENTER  THE  MULTIPLIER  VALUES  FOR  ASM,  CNT  & COR 
! %%' 

WRITE  (*,*)  ’%%  SUGGESTED  VALUES  ARE  (10,  1,  10000,  200)  %%%' 

WRITE  (*,*) '%%  REMEMBER  THAT  THERE  ARE  TWO  MULTIPLIERS  FOR 
! COR  %' 

WRITE  (*,*) '%%  AND  THAT  THE  FIRST  IS  USED  TO  SHIFT  DOWN  %%%' 
WRITE  (*,*) '%%%  THE  DECIMAL  IN  THE  COR  NUMBER  %%%’ 

READ  (*,*)  MAS,  MCN,  MCRl,  MCR2 

OPEN  (7,  FILE  = FNAME,  STATUS  = 'OLD',  FORM  = 'BINARY') 

OPEN  (8,  FILE  = 'D:\TILAK\FOR\ASM.LAN',STATUS='UNKNOWN', 

@ FORM  ='BINARY') 

OPEN  (9,  FILE  = 'D:\TILAK\FOR\CNT.LAN',STATUS='UNKNOWN', 

@ FORM  ^'BINARY') 

OPEN  (10,FILE  = 'D:\TILAK\FOR\COR.LAN', STATUS='UNKNOWN', 

@ FORM  ='BINARY') 

C INITIALIZE  TO  0 
DOI=  1,IR 
DO  J=  1,IC 
PX(I,J)  = 0 
END  DO 
END  DO 

C WRITE  THE  FIRST  8 BYTES  FOR  HEADER  RECORDS. 

DO  I = 1,  8 

READ  (7,  ERR  = 777,  END  = 777)  IVL 
WRITE  (8,  ERR  = 777)  IVL 
WRITE  (9,  ERR  = 777)  IVL 
WRITE  (10,  ERR  = 777)  IVL 
END  DO 

C WRITE  THE  BAND  NUMBER  TO  BE  1 . 

READ  (7,  ERR  = 777,  END  = 777)  IVL 
IVL=  1 

WRITE  (8,  ERR  = 777)  IVL 
WRITE  (9,  ERR  = 777)  IVL 
WRITE  (10,  ERR  = 777)  IVL 

C WRITE  THE  NEXT  7 BYTES  FOR  HEADER  RECORDS. 

DO  I = 1,7 

READ  (7,  ERR  = 777,  END  = 777)  IVL 
WRITE  (8,  ERR  = 777)  IVL 
WRITE  (9,  ERR  = 777)  IVL 
WRITE  (10,  ERR  = 777)  IVL 
END  DO 
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C WRITE  THE  COLUMN  NUMBER  TO  BE  'IC- WS+ 1 ' . 

READ  (7,  ERR  = 777,  END  = 777)  IVL 
IVI  = (IC-WS+l)/256 
IVL  = IC-WS+1  -256*IVI 
WRITE  (8,  ERR  = 777)  IVL 
WRITE  (9,  ERR  = 777)  IVL 
WRITE  (10,  ERR  = 777)  IVL 
READ  (7,  ERR  = 777,  END  = 777)  IVL 
IVL  = IVI 

WRITE  (8,  ERR  = 777)  IVL 
WRITE  (9,  ERR  = 777)  IVL 
WRITE  (10,  ERR  = 777)  IVL 

C WRITE  THE  NEXT  2 BYTES  FOR  HEADER  RECORDS. 
DO  I = 1,2 

READ  (7,  ERR  = 777,  END  = 777)  IVL 
WRITE  (8,  ERR  = 777)  IVL 
WRITE  (9,  ERR  = 777)  IVL 
WRITE  (10,  ERR  = 777)  IVL 
END  DO 

C WRITE  THE  ROW  NUMBER  TO  BE 'IR-WS+L. 

READ  (7,  ERR  = 777,  END  = 777)  IVL 
IVI  = (IR-WS+l)/256 
IVL  = IR-WS+1  - 256HVI 
WRITE  (8,  ERR  = 777)  IVL 
WRITE  (9,  ERR  = 777)  IVL 
WRITE  (10,  ERR  = 777)  IVL 
READ  (7,  ERR  = 777,  END  = 777)  IVL 
IVL  = IVI 

WRITE  (8,  ERR  = 777)  IVL 
WRITE  (9,  ERR  = 777)  IVL 
WRITE  (10,  ERR  = 777)  IVL 

C WRITE  THE  NEXT  106  BYTES  FOR  HEADER  RECORDS. 
DOI=  1,  106 

READ  (7,  ERR  = 777,  END  = 777)  IVL 
WRITE  (8,  ERR  = 777)  IVL 
WRITE  (9,  ERR  = 777)  IVL 
WRITE  (10,  ERR  = 777)  IVL 
END  DO 

IPMX  = 0 

151  =0 

152  = 0 
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153  = 0 

154  = 0 
INI  =0 
IN2  = 0 
IN3  = 0 
IN3  = 0 
IN4  = 0 
101  =0 
102  = 0 

103  = 0 

104  = 0 
1001 = 0 
1002  = 0 

1003  = 0 

1004  = 0 

ITSM  = 0 
ITNT  = 0 
ITOR  = 0 
RCORR  = 0 

C READ  AND  CREATE  'IR*  IC  PX  ARRAY 
DOI=  1,IR 

READ  (7,  END  = 776,  ERR  = 777)  (IPX(K),  K=1,IC) 

DO  J=  1,IC 
PX(I,J)  = IPX(J) 

IF(PX(I,J).LT.O)  PX(I,J)  = PX(I,J)+256 
IF(IPMX.LT.PX(I,J))  IPMX  = PX(I,J) 

END  DO 
END  DO 

WRITE  (*,*)  'PIX  ARRAY  IS  INITIALIZED  AND  CREATED’ 

WRITE  (*,*)  'MAXIMUM  PIX  VALUE  IPMX 

C COUNTER  FOR  MAXIMUMS  AND  MINIMUMS 
IMXAS  = 0 
IMXCN  = 0 
IMXCO  = 0 
IMNAS  = 999 
IMNCN  = 999 
IMNCO  = 999 

C RUN  THE  WINDOW  OVER  THE  PIX  ARRAY  TO  COMPUTE  TEXTURE 
VALUES 

C GO  TO  THE  SUBROUTE  ACCORDING  TO  THE  lOR  & WS  SIZE 
IF  (WS.EQ.5)  GO  TO  25 
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GO  TO  (30,  330,  130,  230),  lOR 
25  GO  TO  (50,  350,  150,  250),  lOR 

CCCCCCCC 

C ORIENTATION  HORIZONTAL  & WINDOW  3x3. 

C BE  CAREFUL  NOT  TO  EXCEED  THE  WINDOW  SIZE 
30  DO  M = 1 , IR-2  ! WINDOW  MOVEMENT  ADJUSTED  FOR  EDGE 

DON=  l,IC-2 


IPl  =PX(M,N) 

IP2  = PX(M,N+1) 

IP3  = PX(M,N+2) 

IP6  = PX(M+1,N) 

IP7  = PX(M+1,N+1) 

IP8  = PX(M+l,N+2) 

IP  11  =PX(M+2,N) 

IP12  = PX(M+2,N+1) 

IP13  = PX(M+2,N+2) 

C COMPUTE  MU  AND  SIGMA  SQUARE 

IMU  = IP1+IP3+IP6+IP8+IP1 1+IP13+  2*(IP2+IP7+IP12)  +12 
IT2  = IP1**2+IP3**2+IP6**2+IP8**2+IP11**2+IP13**2 
! + 2 * (IP2**2  + IP7**2  + IP12**2) 

ITM  = IP1*IP2+IP2*IP3+IP6*IP7+IP7*IP8+IP11*IP12+IP12*IP13 
ISS2  = IT2  + 10*IMU**2  + 2*IMU  -12 

C COMPUTE  COR,  CNT,  ASM,  RCOR  - REAL  COR 
RCOR  = 2.0  *(  FLOAT(ITM)  +5.0  *FLOAT(IMU**2) 

! + FLOAT(IMU)-6.0)  / FLOAT(ISS2) 

RCORR  = RCORR  + RCOR 

IF  (RCOR.GT.RCORX)  RCORX  = RCOR 
IF  (RCOR.LT.RCORN)  RCORN  = RCOR 
COR  - NINT((RCOR*MCRl  - AINT(RCOR*MCRl))*MCR2) 

CNT  = NINT(MCN*2.0*FLOAT(IT2-2*ITM)) 

C MATRICES  FOR  ASM 
K = 0 
L = 0 

IF  (IP1.NE.IP2)  GO  TO  31 

K = K+1  ! COUNTER  FOR  SEGMENTS  WITH  EQUAL  ENDS 

ME(K)  = IP  1 ! MATRIX  FOR  SEGMENTS  WITH  EQUAL  ENDS 

GO  TO  32 

3 1 L = L+1  ! COUNTER  FOR  SEGMENTS  WITH  UNEQUAL  ENDS 

MN(L)  = IP1**2+IP2**2  ! MAT  FOR  SEG  UNEQ  ENDS 

32  IF  (IP2.NE.IP3)  GO  TO  33 
K = K+1 

ME(K)  = IP2 
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GO  TO  34 

33  L = L+1 

MN(L)  = IP2**2+IP3**2 

34  IF  (IP6.NE.IP7)  GO  TO  35 
K = K+1 

ME(K)  = IP6 
GO  TO  36 
35L  = L+1 

MN(L)  = IP6**2+IP7**2 
36  IF  (IP7.NE.IP8)  GO  TO  37 
K = K+1 
ME(K)  = IP7 
GO  TO  38 
37L  = L+1 

MN(L)  = IP7**2+IP8**2 
38  IF  (IPl  1.NE.IP12)  GO  TO  39 
K = K+I 
ME(K)  = IP1I 
GO  TO  40 
39L  = L+1 

MN(L)  = IPl  1**2+IP  12**2 

40  IF  (IP12.NE.IP13)  GO  TO  41 
K = K+1 

ME(K)  = IP12 
GO  TO  42 

41  L = L+1 

MN(L)  = IP12**2+IP13**2 

42  CALL  TAIL  (K,  L,  lASM) 

ASM  = NINT(MAS  * (12.0  + FLOAT(IASM))) 

CALL  LAST  (ASM,  CNT,  COR,  IMXAS,  IMNAS,  IMXCN,  IMNCN,  IMXCO, 
! IMNCO,N,  BSM,  BNT,BOR,ITSM,ITNT,ITOR,ISM2,INT2,IOR2,ISl,IS2, 

! IS3,IS4,IN1,IN2,IN3,IN4,I01,I02,I03,I04,I001,I002,I003,I004) 

END  DO 

WRITE  (8)  (BSM(K),K=1,N-1) 

WRITE  (9)  (BNT(K),K=1,N-1) 

WRITE  (10)  (BOR(K),K=l,N-l) 

GLl  =FLOAT(INT(FLOAT(M)/100.0)) 

GL2  = FLOAT(M)/100.0 

IF(GL1.EQ.GL2)  WRITE  (*,*)  'ROW  BY  100th  ; ',  M 
END  DO 
GO  TO  593 

C ORIENTATION  HORIZONTAL  & WINDOW  5x5. 

C BE  CAREFUL  NOT  TO  EXCEED  THE  WINDOW  SIZE 


240 


50  DO  M = 1 , IR-4  ! WINDOW  MOVEMENT  ADJUSTED  FOR  EDGE 
DON=  l,IC-4 


IPl  =PX(M,N) 

IP2  = PX(M,N+1) 

IP3  = PX(M,N+2) 

IP4  = PX(M,N+3) 

IPS  - PX(M,N+4) 

IP6  = PX(M+1,N) 

IP7  = PX(M+1,N+1) 

IP8  = PX(M+l,N+2) 

IP9  = PX(M+I,N+3) 

IPI0  = PX(M+l,N+4) 

IPl  1 = PX(M+2,N) 

IP12  = PX(M+2,N+1) 

IP13  = PX(M+2,N+2) 

IP14  = PX(M+2,N+3) 

IP15  = PX(M+2,N+4) 

IP16  = PX(M+3,N) 

IP17  = PX(M+3,N+1) 

IP18  = PX(M+3,N+2) 

IP19  = PX(M+3,N+3) 

IP20  = PX(M+3,N+4) 

IP21  = PX(M+4,N) 

IP22  = PX(M+4,N+1) 

IP23  = PX(M+4,N+2) 

IP24  = PX(M+4,N+3) 

IP25  = PX(M+4,N+4) 

C COMPUTE  MU  AND  SIGMA  SQUARE 

IMU  = IP1+IP5+IP6+IP10+IP1 1+IP15+IP16+IP20+IP21+IP25 

! + 2*(IP2+IP3+IP4+IP7+IP8  +IP9+IP12+IP13+IP14+IP17 

! +IP18+IP19+IP22+IP23+IP24)  +40 

IT21  =IP1**2+IP5**2+IP6**2+IP10**2+IP11**2+IP15**2 

! +IP 1 6*  *2+IP20*  *2+IP2 1 * *2+IP25  * *2 

IT22  = IP2**2+IP3**2+IP4**2+IP7**2+IP8**2+IP9**2 

! +IP12**2+IP13**2+IP14**2+IP17**2+IP18**2+IP19**2 

! +IP22**2+IP23**2+IP24**2 

IT2  = IT21  +2UT22 

ITMl  = IP1*IP2+IP2*IP3+IP3*IP4+IP4*IP5+IP6*IP7+IP7*IP8 

! +IP8*IP9+IP9*IP10+IP11*IP12+IP12*IP13+IP13*IP14 

ITM2  = IP  1 4*IP  1 5+IP 1 6*IP  1 7+IP 1 7*IP  1 8+IP 1 8*IP  1 9+IP 1 9*IP20 

! +IP21*IP22+IP22*IP23+IP23*IP24+IP24*IP25 

ITM  = ITMl  + ITM2 

ISS2  = IT2  + 38*IMU**2  + 2*IMU  -40 
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C COMPUTE  COR,  CNT,  ASM,  RCOR  - REAL  COR 
RCOR  = 2.0  *(  FLOAT(ITM)  + 19*FLOAT(IMU**2) 

! + FLOAT(IMU)  -20)  / FLOAT(ISS2) 

IF  (RCOR.GT.RCORX)  RCORX  = RCOR 
IF  (RCOR.LT.RCORN)  RCORN  = RCOR 
RCORR  = RCORR  + RCOR 

COR  = NINT((RCOR*MCRI  - AINT(RCOR*MCRI))*MCR2) 
CNT  = NINT(MCN*2.0*FLOAT(IT2-2*ITM)) 

C MATRICES  FOR  ASM 
K = 0 
L = 0 

IF  (IPI.NE.IP2)  GO  TO  5 1 
K = K+I 
ME(K)  = IP1 
GO  TO  52 

51  L = L+I 

MN(L)  = IPI**2+IP2**2 

52  IF  (IP2.NE.IP3)  GO  TO  53 
K = K+1 

ME(K)  = IP2 
GO  TO  54 

53  L = L+1 

MN(L)  = IP2**2+IP3**2 

54  IF  (IP3.NE.IP4)  GO  TO  55 
K = K+I 

ME(K)  = IP3 
GO  TO  56 
55L  = L+1 

MN(L)  = IP3**2+IP4**2 
56  IF  (IP4.NE.IP5)  GO  TO  57 
K = K+1 
ME(K)  = IP4 
GO  TO  58 
57L  = L+I 

MN(L)  = IP4**2+IP5**2 

58  IF  (IP6.NE.IP7)  GO  TO  61 
K = K+1 
ME(K)  = IP6 
GO  TO  62 

61  L = L+I 

MN(L)  = IP6**2+IP7**2 

62  IF  (IP7.NE.IP8)  GO  TO  63 
K = K+I 

ME(K)  = IP7 
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GO  TO  64 

63  L = L+1 

MN(L)  = IP7**2+IP8**2 

64  IF  (IP8.NE.IP9)  GO  TO  65 
K = K+1 

ME(K)  = IP8 
GO  TO  66 

65  L = L+1 

MN(L)  = IP8**2+IP9**2 

66  IF  (IP9.NE.IP10)  GO  TO  67 
K = K+1 

ME(K)  = IP9 
GO  TO  68 
67L  = L+1 

MN(L)  = IP9**2+IP10**2 

68  IF  (IP  1 1 .NE.IP  1 2)  GO  TO  7 1 
K = K+1 
ME(K)  = IP11 
GO  TO  72 

71  L = L+1 

MN(L)  = IP11**2+IP12**2 

72  IF  (IP12.NE.IP13)  GO  TO  73 
K = K+1 

ME(K)  = IP12 
GO  TO  74 

73  L = L+1 

MN(L)  = IP12**2+IP13**2 

74  IF  (IP  13. NE.IP  14)  GO  TO  75 
K = K+1 

ME(K)  = IP13 
GO  TO  76 

75  L = L+1 

MN(L)  = IP13**2+IP14**2 

76  IF  (IP14.NE.IP15)  GO  TO  77 
K = K+1 

ME(K)  = IP14 
GO  TO  78 

77  L = L+1 

MN(L)  = IP14**2+IP15**2 

78  IF  (IP16.NE.IP17)  GO  TO  81 
K = K+1 

ME(K)  = IP16 
GO  TO  82 
81  L = L+1 
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MN(L)  = IP16**2+IP17**2 

82  IF  (IP17.NE.IP18)  GO  TO  83 
K = K+1 

ME(K)  = IP17 
GO  TO  84 

83  L = L+1 

MN(L)  = IP17**2+IP18**2 

84  IF  (IP18.NE.IPI9)  GO  TO  85 
K = K+I 

ME(K)-IP18 
GO  TO  86 
85L  = L+I 

MN(L)  = IPI8**2+IPI9**2 
86  IF  (IP19.NE.IP20)  GO  TO  87 
K = K+I 
ME(K)  = IPI9 
GO  TO  88 
87L  = L+I 

MN(L)  = IP19**2+IP20**2 

88  IF  (IP21.NE.IP22)  GO  TO  91 
K = K+1 
ME(K)  = IP21 
GO  TO  92 

91  L = L+1 

MN(L)  = IP21**2+IP22**2 

92  IF  (IP22.NE.IP23)  GO  TO  93 
K = K+1 

ME(K)  = IP22 
GO  TO  94 

93  L = L+1 

MN(L)  = IP22**2+IP23**2 

94  IF  (IP23.NE.IP24)  GO  TO  95 
K = K+1 

ME(K)  = IP23 
GO  TO  96 

95  L = L+1 

MN(L)  = IP23**2+IP24**2 

96  IF  (IP24.NE.IP25)  GO  TO  97 
K = K+1 

ME(K)  = IP24 
GO  TO  98 
97L  = L+1 

MN(L)  = IP24**2+IP25**2 


98  CALL  TAIL  (K,  L,  lASM) 
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ASM  = NINT(MAS  * (40.0  + FLOAT(IASM))) 

CALL  LAST  (ASM,  CNT,  COR,  IMXAS,  IMNAS,  IMXCN,  IMNCN,  IMXCO, 
! IMNCO,N,  BSM,BNT,BOR,ITSM,ITNT,ITOR,ISM2,INT2,IOR2,ISl,IS2, 

! IS3,IS4,IN1,IN2,IN3,IN4,I01, 102,103,104, 1001,1002, 1003,1004) 

END  DO 

WRITE  (8)  (BSM(K),K=1,N-1) 

WRITE  (9)  (BNT(K),K=1,N-1) 

WRITE  (10)  (B0R(K),K=1,N-1) 

GLl  =FLOAT(INT(FLOAT(M)/100.0)) 

GL2  = FLOAT(M)/100.0 

IF(GL1.EQ.GL2)  WRITE  (*,*)  'ROW  BY  100th  : ',  M 
END  DO 
GO  TO  593 

C ORIENTATION  VERTICAL  & WINDOW  3x3 
C BE  CAREFUL  NOT  TO  EXCEED  THE  WINDOW  SIZE 
1 30  DO  M = 1 , IR-2  ! WINDOW  MOVEMENT  ADJUSTED  FOR  EDGE 
DON  = l,IC-2 


IPl  = PX(M,N) 

IP2  = PX(M,N+1) 

IP3  = PX(M,N+2) 

IP6  = PX(M+1,N) 

IP7  = PX(M+1,N+1) 

IP8  = PX(M+l,N+2) 

IPll  =PX(M+2,N) 

IP12  = PX(M+2,N+1) 

IP13  = PX(M+2,N+2) 

C COMPUTE  MU  AND  SIGMA  SQUARE 

IMU  = IP1+IP2+IP3+IP1 1+IP12+IP13+  2*(IP6+IP7+IP8)  +12 
IT2  = IP1**2+IP2**2+IP3**2+IP11**2+IP12**2+IP13**2 
! + 2 * (IP6**2  + IP7**2  + IP8**2) 

ITM  = IPl  * IP6  + IP6  * IPl  1 + IP2  * IP7  + IP7  * IP12 

! + IP3*IP8  + IP8*IP13 

ISS2  = IT2  + 10*IMU**2  + 2*IMU  -12 

C COMPUTE  COR,  CNT,  ASM,  RCOR  - REAL  COR 
RCOR  = 2.0  *(  FLOAT(ITM)  +5.0  *FLOAT(IMU**2) 

! + FLOAT(IMU)-6.0)  / FLOAT(ISS2) 

IF  (RCOR.GT.RCORX)  RCORX  = RCOR 
IF  (RCOR.LT.RCORN)  RCORN  = RCOR 
RCORR  = RCORR  + RCOR 

COR  = NINT((RC0R*MCR1  - AINT(RC0R*MCR1))*MCR2) 
CNT  = NINT(MCN*2.0*FLOAT(IT2-2*ITM)) 
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C MATRICES  FOR  ASM 
K = 0 
L = 0 

IF  (IP1.NE.IP6)  GOTO  131 

K = K+ 1 ! COUNTER  FOR  SEGMENTS  WITH  EQUAL  ENDS 

ME(K)  = IP  1 ! MATRIX  FOR  SEGMENTS  WITH  EQUAL  ENDS 

GO  TO  132 

1 3 1 L = L+ 1 ! COUNTER  FOR  SEGMENTS  WITH  UNEQUAL  ENDS 
MN(L)  = IP1**2+IP6**2  ! MAT  FOR  SEG  UNEQ  ENDS 

132  IF  (IP6.NE.IPll)GO  TO  133 
K = K+1 

ME(K)  = IP6 
GO  TO  134 

133  L = L+1 

MN(L)  = IP6**2+IP11**2 

134  IF  (IP2.NE.IP7)  GO  TO  135 
K = K+1 

ME(K)  = IP2 
GO  TO  136 

135  L = L+1 

MN(L)  = IP2**2+IP7**2 

136  IF  (IP7.NE.IP12)  GO  TO  137 
K = K+1 

ME(K)  = IP7 
GO  TO  138 
137L  = L+1 

MN(L)  = IP7**2+IP12**2 
138  IF  (IP3.NE.IP8)  GO  TO  139 
K = K+1 
ME(K)  = IP3 
GO  TO  140 
139L  = L+1 

MN(L)  = IP3**2+IP8**2 

140  IF  (IP8.NE.IP13)  GO  TO  141 
K = K+1 

ME(K)  = IP8 
GO  TO  142 

141  L = L+1 

MN(L)  = IP8**2+IP13**2 

142  CALL  TAIL  (K,  L,  lASM) 

ASM  = NINT(MAS  * (12.0  + FLOAT(IASM))j 

CALL  LAST  (ASM,  CNT,  COR,  IMXAS,  IMNAS,  IMXCN,  IMNCN,  IMXCO, 
! IMNCO,N,  BSM,  BNT,BOR,ITSM,ITNT,ITOR,ISM2,INT2,IOR2,ISl,IS2, 

! IS3,IS4,IN1,IN2,IN3,IN4,I01,I02,I03,I04,I001,I002,I003,I004) 

END  DO 
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WRITE  (8)  (BSM(K),K=1,N-1) 

WRITE  (9)  (BNT(K),K-1,N-1) 

WRITE  (10)  (BOR(K),K=l,N-l) 

GLl  =FLOAT(INT(FLOAT(M)/100.0)) 

GL2  = FLOAT(M)/100.0 

IF(GL1.EQ.GL2)  WRITE  (*,*)  'ROW  BY  100th  : M 

END  DO 
GO  TO  593 

C ORIENTATION  VERTICAL  & WINDOW  5x5. 

C BE  CAREFUL  NOT  TO  EXCEED  THE  WINDOW  SIZE 
1 50  DO  M = 1 , IR-4  ! WINDOW  MOVEMENT  ADJUSTED  FOR  EDGE 
DON=  l,IC-4 


IPl  = PX(M,N) 

IP2  = PX(M,N+1) 

IPS  = PX(M,N+2) 

IP4  = PX(M,N+3) 

IP5  = PX(M,N+4) 

IP6  = PX(M+1,N) 

IP7  = PX(M+1,N+1) 

IP8  = PX(M+l,N+2) 

IP9  = PX(M+l,N+3) 

IP10  = PX(M+l,N+4) 

IPll  =PX(M+2,N) 

IP12  = PX(M+2,N+1) 

IP13  = PX(M+2,N+2) 

IP14  = PX(M+2,N+3) 

IP15  = PX(M+2,N+4) 

IP16  = PX(M+3,N) 

IP17  = PX(M+3,N+1) 

IP18  = PX(M+3,N+2) 

IP19  = PX(M+3,N+3) 

IP20  = PX(M+3,N+4) 

IP21  = PX(M+4,N) 

IP22  = PX(M+4,N+1) 

IP23  = PX(M+4,N+2) 

IP24  = PX(M+4,N+3) 

IP25  = PX(M+4,N+4) 

C COMPUTE  MU  AND  SIGMA  SQUARE 

IMU  = IP1+IP21+IP2+IP22+IP3+IP23+IP4+IP24+IP5+IP25 
! + 2*(IP6+IP8+IP9+IP1 1+IP12+IP8+IP9+IP1 1+IP12+IP13 
! +IP14+IP16+IP17+IP18+IP19)  + 40 
IT21  = IP1**2+IP2**2+IP3**2+IP4**2  +IP5**2+IP21**2 
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! +IP22*  *2+IP23  * *2+IP24*  *2+IP25  * *2 

IT22  = IP6**2+IP7**2+IP8**2+IP9**2+IP10**2+IP11**2 

! +IP12**2+IP13**2+IP14**2+IP15**2+IP16**2+IP17**2 

! +IP18**2+IP19**2+IP20**2 

IT2  = IT21  +2*IT22 

ITM 1 = IP  1 *IP6+IP6*IP  1 1 +IP 1 1 *IP  1 6+IP 1 6*IP2 1 +IP2*IP7 

! +IP7*IP12+IP12*IP17+IP17*IP22+IP3*IP8+IP8*IP13+IP13*IP18 

ITM2  = IP18*IP23+IP4*IP9+IP9*IP14+IP14*IP19+IP19*IP24 

! +IP5*IP10+IP10*IP15+IP15*IP20+IP20*IP25 

ITM  = ITM  I + ITM2 

ISS2  = IT2  + 38*IMU**2  + 2*IMU  -40 

C COMPUTE  COR,  CNT,  ASM,  RCOR  - REAL  COR 
RCOR  = 2.0  *(  FLOAT(ITM)  + I9*FLOAT(IMU**2) 

! + FLOAT(IMU)  -20)  / FLOAT(ISS2) 

IF  (RCOR.GT.RCORX)  RCORX  = RCOR 
IF  (RCOR.LT.RCORN)  RCORN  = RCOR 
RCORR  = RCORR  + RCOR 

COR  = NINT((RCOR*MCRI  - AINT(RCOR*MCRI))*MCR2) 
CNT  = NINT(MCN*2.0*FLOAT(IT2-2*ITM)) 

C MATRICES  FOR  ASM 
K = 0 
L = 0 

IF  (IPI.NE.IP6)  GOTO  15 1 
K = K+I 
ME(K)  = IPI 
GO  TO  152 

151  L = L+I 

MN(L)  = IPI**2+IP6**2 

152  IF  (IP6.NE.IPI  I)  GO  TO  153 
K = K+I 

ME(K)  = IP6 
GO  TO  154 

153  L = L+I 

MN(L)  = IP6**2+IPII**2 

154  IF  (IPII.NE.IPI6)  GO  TO  155 
K = K+I 

ME(K)  = IPI I 
GO  TO  156 

155  L = L+I 

MN(L)  = IPII**2+IPI6**2 

156  IF  (IPI6.NE.IP2I)  GO  TO  157 
K = K+I 

ME(K)  = IPI6 
GO  TO  158 
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157L  = L+1 

MN(L)  = IP16**2+IP21**2 

158  IF  (IP2.NE.IP7)  GO  TO  161 
K = K+1 
ME(K)  = 1P2 
GO  TO  162 

161  L = L+1 

MN(L)  = IP2**2+1P7**2 

162  IF  (IP7.NE.IPI2)  GO  TO  163 
K = K+1 

ME(K)  = 1P7 
GO  TO  164 

163  L = L+1 

MN(L)  = 1P7**2+1P12**2 

164  IF  (IPI2.NE.IP17)  GO  TO  165 
K = K+1 

ME(K)  = 1P17 
GO  TO  166 

165  L = L+1 

MN(L)  = IP12**2+1P17**2 

166  IF  (IP17.NE.IP22)  GO  TO  167 
K = K+1 

ME(K)  = 1P17 
GO  TO  168 
167L  = L+1 

MN(L)  = IP17**2+1P22**2 

168  IF  (IP3.NE.IP8)  GO  TO  171 
K = K+1 
ME(K)  = 1P3 
GO  TO  172 

171  L = L+1 

MN(L)  = 1P3**2+IP8**2 

172  IF  (IP8.NE.IP13)  GO  TO  173 
K = K+1 

ME(K)  = 1P8 
GO  TO  174 

173  L = L+1 

MN(L)  = IP8**2+IP13**2 

174  IF  (IP13.NE.IP18)  GO  TO  175 
K = K+1 

ME(K)  = IP13 
GO  TO  176 

175  L = L+1 

MN(L)  = 1P13**2+IP18**2 
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176  IF  (IP18.NE.IP23)  GO  TO  177 
K = K+1 
ME(K)  = IP18 
GO  TO  178 
177L  = L+1 

MN(L)  = IP18**2+IP23**2 

178  IF  (IP4.NE.IP9)  GO  TO  181 
K = K+1 
ME(K)  - IP4 
GO  TO  182 

181  L = L+1 

MN(L)  = IP4**2+IP9**2 

182  IF  (IP9.NE.IP14)  GO  TO  183 
K = K+1 

ME(K)  = IP9 
GO  TO  184 

183  L = L+1 

MN(L)  = IP9**2+IP14**2 

184  IF  (IP14.NE.IP19)  GO  TO  185 
K = K+1 

ME(K)  = IP14 
GO  TO  186 

185  L = L+1 

MN(L)  = IP14**2+IP19**2 

186  IF  (IP19.NE.IP24)  GO  TO  187 
K = K+1 

ME(K)  = IP19 
GO  TO  188 
187L-L+1 

MN(L)  = IP19**2+IP24**2 

188  IF  (IP5.NE.IP10)  GO  TO  191 
K = K+1 
ME(K)  = IP5 
GO  TO  192 

191  L = L+1 

MN(L)  = IP5**2+IP10**2 

192  IF  (IP10.NE.IP15)  GO  TO  193 
K = K+1 

ME(K)  = IP10 
GO  TO  194 

193  L = L+1 

MN(L)  = IP10**2+IP15**2 

194  IF  (IP15.NE.IP20)  GO  TO  195 
K = K+1 
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ME(K)  = IP15 
GO  TO  196 

195  L = L+1 

MN(L)  = IP15**2+IP20**2 

196  IF  (IP20.NE.IP25)  GO  TO  197 
K = K+1 

ME(K)  = IP20 
GO  TO  198 
197L  = L+1 

MN(L)  = IP20**2+IP25**2 

198  CALL  TAIL  (K,  L,  lASM) 

ASM  = NINT(MAS  * (40.0  + FLOAT(IASM))) 

CALL  LAST  (ASM,  CNT,  COR,  IMXAS,  IMNAS,  IMXCN,  IMNCN,  IMXCO, 
! IMNCO,N,  BSM,BNT,BOR,ITSM,ITNT,ITOR,ISM2,INT2,IOR2,ISl,IS2, 

! IS3,IS4,IN1,IN2,IN3,IN4,I01,I02,I03,I04,I001,I002,I003,I004) 

END  DO 

WRITE  (8)  (BSM(K),K=1,N-1) 

WRITE  (9)  (BNT(K),K=1,N-1) 

WRITE  (10)  (BOR(K),K=l,N-l) 

GLl  =FLOAT(INT(FLOAT(M)/100.0)) 

GL2  = FLO  AT(M)/1 00.0 

IF(GL1.EQ.GL2)  WRITE  (*,*)  'ROW  BY  100th  : ',  M 
END  DO 
GO  TO  593 

C ORIENTATION  45  DEGREE  (-)  & WINDOW  3x3. 

C BE  CAREFUL  NOT  TO  EXCEED  THE  WINDOW  SIZE 
230  DO  M = 1 , IR-2  ! WINDOW  MOVEMENT  ADJUSTED  FOR  EDGE 

DO  N = l,IC-2 


IPl  =PX(M,N) 

IP2  = PX(M,N+1) 

IP3  = PX(M,N+2) 

IP6  = PX(M+1,N) 

IP7  = PX(M+1,N+1) 

IP8  = PX(M+l,N+2) 

IPll  =PX(M+2,N) 

IP12  = PX(M+2,N+1) 

IP13  = PX(M+2,N+2) 

C COMPUTE  MU  AND  SIGMA  SQUARE 

IMU  = IP2+IP3+IP6+IP8+IP1 1+IP12+  2*IP7  + 8 

IT2  = IP2**2+IP3**2+IP6**2+IP8**2+IP11**2+IP12**2+2*IP7**2 

ITM  = IP2  * IP6  + IP3  * IP7  + IP7  * IPl  1 + IP8  * IP12 

ISS2  = IT2  + 6*IMU**2  + 2*IMU  -8 
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C COMPUTE  COR,  CNT,  ASM,  RCOR  - REAL  COR 
RCOR  = 2.0  *(  FLOAT(ITM)  +3.0  *FLOAT(IMU**2) 

! + FLOAT(IMU)-4.0)  / FLOAT(ISS2) 

IF  (RCOR.GT.RCORX)  RCORX  = RCOR 
IF  (RCOR.LT.RCORN)  RCORN  = RCOR 
RCORR  = RCORR  + RCOR 

COR  = NINT((RCOR*MCRl  - AINT(RCOR*MCRl))*MCR2) 

CNT  = NINT(MCN*2.0*FLOAT(IT2-2*ITM)) 

C MATRICES  FOR  ASM 
K = 0 
L = 0 

IF  (IP2.NE.IP6)  GO  TO  231 

K = K+ 1 ! COUNTER  FOR  SEGMENTS  WITH  EQUAL  ENDS 

ME(K)  = IP2  ! MATRIX  FOR  SEGMENTS  WITH  EQUAL  ENDS 
GO  TO  232 

23 1 L = L+ 1 ! COUNTER  FOR  SEGMENTS  WITH  UNEQUAL  ENDS 

MN(L)  = IP2**2+IP6**2  ! MAT  FOR  SEG  UNEQ  ENDS 

232  IF  (IP3.NE.IP7)  GO  TO  233 
K = K+1 

ME(K)  = IP3 
GO  TO  234 

233  L = L+1 

MN(L)  = IP3**2+IP7**2 

234  IF  (IP7.NE.IPI  1)  GO  TO  235 
K = K+1 

ME(K)  = IP7 
GO  TO  236 

235  L = L+1 

MN(L)  = IP7**2+IP11**2 

236  IF  (IP8.NE.IP12)  GO  TO  237 
K = K+1 

ME(K)  = IP8 
GO  TO  238 

237  L = L+1 

MN(L)  = IP8**2+IP12**2 

238  CALL  TAIL  (K,  L,  I ASM) 

ASM  = NINT(MAS  * (8.0  + FLOAT(IASM))) 

CALL  LAST  (ASM,  CNT,  COR,  IMXAS,  IMNAS,  IMXCN,  IMNCN,  IMXCO, 
! IMNCO,N,  BSM,BNT,BOR,ITSM,ITNT,ITOR,ISM2,INT2,IOR2,ISl,IS2, 

! IS3,IS4,IN1,IN2,IN3,IN4,I01,I02, 103,104, 1001, 1002,1003, 1004) 

END  DO 

WRITE  (8)  (BSM(K),K=1,N-1) 

WRITE  (9)  (BNT(K),K=1,N-1) 
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WRITE  (10)  (BOR(K),K=l,N-l) 

GLl  =FLOAT(INT(FLOAT(M)/100.0)) 

GL2  = FLOAT(M)/ 100.0 

IF(GL1.EQ.GL2)  WRITE  (*,*)  'ROW  BY  100th  ; M 
END  DO 
GO  TO  593 

C ORIENTATION  45  DEGREE  (-)  & WINDOW  5x5. 

C BE  CAREFUL  NOT  TO  EXCEED  THE  WINDOW  SIZE 
250  DO  M = 1 , IR-4  ! WINDOW  MOVEMENT  ADJUSTED  FOR  EDGE 
DON=  UIC-4 


IPl  =PX(M,N) 

IP2  = PX(M,N+1) 

IP3  = PX(M,N+2) 

IP4  = PX(M,N+3) 

IP5  = PX(M,N+4) 

IP6  = PX(M+1,N) 

IP7  = PX(M+1,N+1) 

IP8  = PX(M+l,N+2) 

IP9  = PX(M+l,N+3) 

IP10  = PX(M+l,N+4) 

IPll  =PX(M+2,N) 

IP12-PX(M+2,N+1) 

IP13  = PX(M+2,N+2) 

IP14  = PX(M+2,N+3) 

IP15  = PX(M+2,N+4) 

IP16  = PX(M+3,N) 

IP17  = PX(M+3,N+1) 

IP18  = PX(M+3,N+2) 

IP19  = PX(M+3,N+3) 

IP20  = PX(M+3,N+4) 

IP21  =PX(M+4,N) 

IP22  = PX(M+4,N+1) 

IP23  = PX(M+4,N+2) 

IP24  = PX(M+4,N+3) 

IP25  = PX(M+4,N+4) 

C COMPUTE  MU  AND  SIGMA  SQUARE 

IMU  = IP2+IP3+IP4+IP5+IP6+IP10+IP11+IP15+IP16+IP20+IP21 
! +IP22+IP23+IP24+ 2*  (IP7+IP8+IP9+IP12+IP13+IP14 
! +IP17+IP18+IP19)  + 32 

IT21  =IP2**2+IP3**2+IP4**2+IP5**2+IP6**2+IP10**2+IP11**2 
! +IP 1 5*  *2+IP  1 6*  *2+IP20*  *2+IP2 1 * *2+IP22*  *2+IP23  * *2+IP24*  *2 
IT22  = IP7**2+IP8**2+IP9**2+IP12**2+IP13**2+IP14**2+IP17**2 
! +IP18**2+IP19**2 
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IT2  = IT21  +2*IT22 

ITMl  = IP2*IP6+IP3*IP7+IP4*IP8+IP5*IP9+IP7*IP1 1+IP8*IP12 
ITM2  = IP9*IP13+IP10*IP14+IP12*IP16+IP13*IP17+IP14*IP18 
ITM3  = IP15*IP19+IP17*IP21+IP18*IP22+IP19*IP23+IP20*IP24 
ITM  = ITMl  + ITM2  + ITM3 
ISS2  = IT2  + 30*IMU**2  + 2*IMU  -32 

C COMPUTE  COR,  CNT,  ASM,  RCOR  - REAL  COR 
RCOR  = 2.0  *(  FLOAT(ITM)  + 15*FLOAT(IMU**2) 

! + FLOAT(IMU)  -16)  / FLOAT(ISS2) 

RCORR  = RCORR  + RCOR 

COR  = NINT((RCOR*MCRl  - AINT(RCOR*MCRl))*MCR2) 
CNT  = NINT(MCN*2.0*FLOAT(IT2-2*ITM)) 

C MATRICES  FOR  ASM 
K = 0 
L = 0 

IF  (IP2.NE.IP6)  GO  TO  251 
K = K+1 
ME(K)  = IP2 
GO  TO  252 

251  L = L+1 

MN(L)  = IP2**2+IP6**2 

252  IF  (IP3.NE.IP7)  GO  TO  253 
K = K+1 

ME(K)  = IP3 
GO  TO  254 

253  L = L+1 

MN(L)  = IP3**2+IP7**2 

254  IF  (IP4.NE.IP8)  GO  TO  255 
K = K+1 

ME(K)  = IP4 
GO  TO  256 

255  L = L+1 

MN(L)  = IP4**2+IP8**2 

256  IF  (IP5.NE.IP9)  GO  TO  257 
K = K+1 

ME(K)  = IP5 
GO  TO  258 

257  L = L+1 

MN(L)  = IP5**2+IP9**2 

258  IF  (IP7.NE.IP1 1)  GO  TO  261 
K = K+1 

ME(K)  = IP7 
GO  TO  262 
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261  L = L+1 

MN(L)  = IP7**2+IP11**2 

262  IF  (IP8.NE.IP12)  GO  TO  263 
K = K+1 

ME(K)  = IPS 
GO  TO  264 

263  L = L+1 

MN(L)  = IP8**2+IP12**2 

264  IF  (IP9.NE.IP13)  GO  TO  265 
K = K+1 

ME(K)  = IP9 
GO  TO  266 

265  L = L+1 

MN(L)  = IP9**2+IP13**2 

266  IF  (IP10.NE.IP14)  GO  TO  267 
K = K+1 

ME(K)  = IP10 
GO  TO  268 

267  L = L+1 

MN(L)  = IP10**2+IP14**2 

268  IF  (IP12.NE.IP16)  GO  TO  271 
K = K+1 

ME(K)  = IP12 
GO  TO  272 

271  L = L+1 

MN(L)  = IP12**2+IP16**2 

272  IF  (IP13.NE.IP17)  GO  TO  273 
K = K+1 

ME(K)  = IP13 
GO  TO  274 

273  L- L+1 

MN(L)  = IP13**2+IP17**2 

274  IF  (IP14.NE.IP18)  GO  TO  275 
K = K+1 

ME(K)  = IP14 
GO  TO  276 

275  L = L+1 

MN(L)  = IP14**2+IP18**2 

276  IF  (IP15.NE.IP19)  GO  TO  277 
K = K+1 

ME(K)  = IP15 
GO  TO  278 

277  L = L+1 

MN(L)  = IP15**2+IP19**2 
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278  IF  (IP17.NE.IP21)  GO  TO  281 
K = K+1 
ME(K)  = IP17 
GO  TO  282 

281  L = L+1 

MN(L)  = IP17**2+IP21**2 

282  IF  (IP18.NE.IP22)  GO  TO  283 
K = K+1 

ME(K)-IP18 
GO  TO  284 

283  L = L+1 

MN(L)  = IP18**2+IP22**2 

284  IF  (IP19.NE.IP23)  GO  TO  285 
K = K+1 

ME(K)  = IP19 
GO  TO  286 

285  L = L+1 

MN(L)  = IP19**2+IP23**2 

286  IF  (IP20.NE.IP24)  GO  TO  287 
K = K+1 

ME(K)  = IP20 
GO  TO  288 

287  L = L+1 

MN(L)  = IP20**2+IP24**2 

288  CALL  TAIL  (K,  L,  lASM) 

ASM  = NINT(MAS  * (30.0  + FLOAT(IASM))) 

CALL  LAST  (ASM,  CNT,  COR,  IMXAS,  IMNAS,  IMXCN,  IMNCN,  IMXCO, 
! IMNCO,N,  BSM,BNT,BOR,ITSM,ITNT,ITOR,ISM2,INT2,IOR2,ISl,IS2, 

! IS3,IS4,IN1,IN2,IN3,IN4,I01,I02,I03,I04,I001,I002,I003,I004) 

END  DO 

WRITE  (8)  (BSM(K),K=1,N-1) 

WRITE  (9)  (BNT(K),K=1,N-1) 

WRITE  (10)  (BOR(K),K=l,N-l) 

GLl  =FLOAT(INT(FLOAT(M)/100.0)) 

GL2  = FLOAT(M)/100.0 

IF(GL1.EQ.GL2)  WRITE  (*,*)  'ROW  BY  100th  : ’,  M 
END  DO 
GO  TO  593 

C ORIENTATION  45  DEGREE  (+)  & WINDOW  3x3 . 

C BE  CAREFUL  NOT  TO  EXCEED  THE  WINDOW  SIZE 
330  DO  M = 1 , IR-2  ! WINDOW  MOVEMENT  ADJUSTED  FOR  EDGE 
DON=  l,IC-2 
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IPl  =PX(M,N) 

IP2  = PX(M,N+1) 

IP3  = PX(M,N+2) 

IP6  = PX(M+1,N) 

IP7  = PX(M+1,N+1) 

IP8  = PX(M+l,N+2) 

IPll  =PX(M+2,N) 

IP12-PX(M+2,N+1) 

IP13  = PX(M+2,N+2) 

C COMPUTE  MU  AND  SIGMA  SQUARE 

IMU  = IP1+IP2+IP6+IP8+IP12+IP13+  2*IP7  + 8 

IT2  = IP1**2+IP2**2+IP6**2+IP8**2+IP12**2+IP13**2+2*IP7**2 

ITM  = IPl  * IP7  + IP2  * IP8  + IP6  * IP12  + IP7  * IP13 

1SS2  = IT2  + 6*IMU**2  + 2*IMU  -8 


C COMPUTE  COR,  CNT,  ASM,  RCOR  - REAL  COR 
RCOR  = 2.0  *(  FLOAT(ITM)  +3.0  *FLOAT(IMU**2) 

! + FLOAT(IMU)-4.0)  / FLOAT(ISS2) 

IF  (RCOR.GT.RCORX)  RCORX  = RCOR 
IF  (RCOR.LT.RCORN)  RCORN  = RCOR 
RCORR  = RCORR  + RCOR 

COR  = NINT((RCOR*MCRl  - AINT(RCOR*MCRl))*MCR2) 

CNT  = NINT(MCN*2.0*FLOAT(IT2-2*ITM)) 

C MATRICES  FOR  ASM 
K = 0 
L = 0 

IF  (IP1.NE.IP7)  GO  TO  331 

K = K+1  ! COUNTER  FOR  SEGMENTS  WITH  EQUAL  ENDS 

ME(K)  = IP  1 ! MATRIX  FOR  SEGMENTS  WITH  EQUAL  ENDS 

GO  TO  332 

33 1 L = L+1  ! COUNTER  FOR  SEGMENTS  WITH  UNEQUAL  ENDS 

MN(L)  = 1P1**2+IP7**2  ! MAT  FOR  SEG  UNEQ  ENDS 

332  IF  (IP2.NE.IP8)  GO  TO  333 
K = K+1 

ME(K)  = IP2 
GO  TO  334 

333  L = L+1 

MN(L)  = IP2**2+IP8**2 

334  IF  (IP6.NE.IP12)  GO  TO  335 
K = K+1 

ME(K)  = IP6 
GO  TO  336 

335  L = L+1 

MN(L)  = IP6**2+IP12**2 
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336  IF  (IP7.NE.IP13)  GO  TO  337 
K = K+1 
ME(K)  = IP7 
GO  TO  338 
337L  = L+1 

MN(L)  = IP7**2+IP13**2 

338  CALL  TAIL  (K,  L,  lASM) 

ASM  = NINT(MAS  * (8.0  + FLOAT(IASM))) 

CALL  LAST  (ASM,  CNT,  COR,  IMXAS,  IMNAS,  IMXCN,  IMNCN,  IMXCO, 
! IMNCO,N,  BSM,BNT,BOR,ITSM,ITNT,ITOR,ISM2,INT2,IOR2,ISI,IS2, 

! IS3,IS4,IN1,IN2,IN3,IN4,I01,I02,I03,I04, 1001,1002,1003,1004) 

END  DO 

WRITE  (8)  (BSM(K),K=1,N-1) 

WRITE  (9)  (BNT(K),K=1,N-1) 

WRITE  (10)  (B0R(K),K=1,N-1) 

GLl  =FLOAT(INT(FLOAT(M)/ 100.0)) 

GL2  = FLOAT(M)/100.0 

IF(GL1.EQ.GL2)  WRITE  (*,*)  'ROW  BY  100th  : ',  M 
END  DO 
GO  TO  593 

C ORIENTATION  45  DEGREE  (+)  & WINDOW  5x5. 

C BE  CAREFUL  NOT  TO  EXCEED  THE  WINDOW  SIZE 
350  DO  M = 1 , IR-4  ! WINDOW  MOVEMENT  ADJUSTED  FOR  EDGE 
DON  = l,IC-4 


IPl  =PX(M,N) 

IP2  = PX(M,N+1) 

IP3  = PX(M,N+2) 

IP4  = PX(M,N+3) 

IP5  = PX(M,N+4) 

IP6  = PX(M+1,N) 

IP7  = PX(M+1,N+1) 
IP8  = PX(M+l,N+2) 
IP9  = PX(M+l,N+3) 
IP10  = PX(M+l,N+4) 
IPIl  =PX(M+2,N) 
IP12  = PX(M+2,N+1) 
IP13  = PX(M+2,N+2) 
IP14  = PX(M+2,N+3) 
IP15  = PX(M+2,N+4) 
IP16  = PX(M+3,N) 
IP17  = PX(M+3,N+1) 
IP18  = PX(M+3,N+2) 
IP19  = PX(M+3,N+3) 
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IP20  = PX(M+3,N+4) 

IP21  =PX(M+4,N) 

IP22  = PX(M+4,N+1) 

IP23  = PX(M+4,N+2) 

IP24  = PX(M+4,N+3) 

IP25  = PX(M+4,N+4) 

C COMPUTE  MU  AND  SIGMA  SQUARE 

IMUl  = IP1+IP2+IP3+IP4+IP6+IP10+IP11+IP15+IP16+IP20 
! +IP22+IP23+IP24+IP25 

IMU2  = IP7  + IP8+IP9+IP12+IP13+IP14+IP17+IP18+IP19 
IMU  = IMUl  + IMU2*2  + 32 

IT21  = IP1**2+IP2**2+IP3**2+IP4**2+IP6**2+IP10**2+IP1 1**2 
! +IP15**2+IP16**2+IP20**2+IP22**2+IP23**2+IP24**2+IP25**2 
IT22  = IP7**2+IP8**2+IP9**2+IP12**2+IP13**2+IP14**2 
! +IP17**2+IP18**2+IP19**2 
IT2  = IT21  +2*IT22 

ITMl  =IP1*IP7+IP2*IP8+IP3  *IP9+IP4*IP10+IP6*IP12+IP7*IP13 
ITM2  = IP8*IP14+IP9*IP15+IP11*IP17+IP12*IP18+IP13*IP19 
ITM3  = IP14*IP20+IP16*IP22+IP17*IP23+IP18*IP24+IP19*IP25 
ITM  = ITMl  + ITM2  + ITM3 
ISS2  = IT2  + 30*IMU**2  + 2*IMU  -32 

C COMPUTE  COR,  CNT,  ASM,  RCOR  - REAL  COR 
RCOR  = 2.0  *(  FLOAT(ITM)  + 15*FLOAT(IMU**2) 

! + FLOAT(IMU)  -16)  / FLOAT(ISS2) 

IF  (RCOR.GT.RCORX)  RCORX  = RCOR 
IF  (RCOR.LT.RCORN)  RCORN  = RCOR 
RCORR  = RCORR  + RCOR 

COR  = NINT((RCOR*MCRl  - AINT(RCOR*MCRl))*MCR2) 

CNT  = NINT(MCN*2.0*FLOAT(IT2-2*ITM)) 

C MATRICES  FOR  ASM 
K = 0 
L = 0 

IF  (IP1.NE.IP7)  GO  TO  351 
K = K+1 
ME(K)  = IP1 
GO  TO  352 

351  L = L+1 

MN(L)  = IP1**2+IP7**2 

352  IF  (IP2.NE.IP8)  GO  TO  353 
K = K+1 

ME(K)  = IP2 
GO  TO  354 

353  L = L+1 
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MN(L)  = IP2**2+IP8**2 

354  IF  (IP3.NE.IP9)  GO  TO  355 
K = K+1 

ME(K)  = IP3 
GO  TO  356 

355  L = L+1 

MN(L)  = IP3**2+IP9**2 

356  IF  (IP4.NE.IP10)  GO  TO  357 
K = K+1 

ME(K)  = IP4 
GO  TO  358 

357  L = L+1 

MN(L)  = IP4**2+IP10**2 

358  IF  (IP6.NE.IP12)  GO  TO  361 
K = K+1 

ME(K)  = IP6 
GO  TO  362 

361  L = L+1 

MN(L)  = IP6**2+IP12**2 

362  IF  (IP7.NE.IP13)  GO  TO  363 
K = K+1 

ME(K)  = IP7 
GO  TO  364 

363  L = L+1 

MN(L)  = IP7**2+IP13**2 

364  IF  (IP8.NE.IP14)  GO  TO  365 
K = K+1 

ME(K)  = IP8 
GO  TO  366 

365  L = L+1 

MN(L)  = IP8**2+IP14**2 

366  IF  (IP9.NE.IP15)  GO  TO  367 
K = K+1 

ME(K)  = IP9 
GO  TO  368 

367  L = L+1 

MN(L)  = IP9**2+IP15**2 

368  IF  (IPl  1.NE.IP17)  GO  TO  371 
K = K+1 

ME(K)  = IP11 
GO  TO  372 

371  L = L+1 

MN(L)  = IP11**2+IP17**2 

372  IF  (IP12.NE.IP18)  GO  TO  373 
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K = K+1 
ME(K)  = IP12 
GO  TO  374 

373  L = L+1 

MN(L)  = IP12**2+IP18**2 

374  IF  (IP13.NE.IP19)  GO  TO  375 
K = K+1 

ME(K)  = IP13 
GO  TO  376 

375  L = L+1 

MN(L)  = IP13**2+IP  19**2 

376  IF  (IP14.NE.IP20)  GO  TO  377 
K = K+1 

ME(K)  = IP14 
GO  TO  378 

377  L = L+1 

MN(L)  = IP14**2+IP20**2 

378  IF  (IP16.NE.IP22)  GO  TO  381 
K = K+1 

ME(K)  = IP16 
GO  TO  382 

381  L = L+1 

MN(L)  = IP16**2+IP22**2 

382  IF  (IP17.NE.IP23)  GO  TO  383 
K = K+1 

ME(K)  = IP17 
GO  TO  384 

383  L = L+1 

MN(L)  = IP17**2+IP23**2 

384  IF  (IP18.NE.IP24)  GO  TO  385 
K = K+1 

ME(K)  = IP18 
GO  TO  386 

385  L = L+1 

MN(L)  = IP18**2+IP24**2 

386  IF  (IP19.NE.IP25)  GO  TO  387 
K = K+1 

ME(K)  = IP19 
GO  TO  388 

387  L = L+1 

MN(L)  = IP19**2+IP25**2 

388  CALL  TAIL  (K,  L,  lASM) 

ASM  = NINT(MAS  * (30.0  + FLOAT(IASM))) 

CALL  LAST  (ASM,  CNT,  COR,  IMXAS,  IMNAS,  IMXCN,  IMNCN,  IMXCO, 
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! IMNCO,N,  BSM,BNT,BOR,ITSM,ITNT,ITOR,ISM2,INT2,IOR2,ISl,IS2, 
! IS3,IS4, INI, IN2,IN3,IN4, 101, 102, 103,104, 1001,1002, 1003, 1004) 

END  DO 

WRITE  (8)  (BSM(K),K=1,N-1) 

WRITE  (9)  (BNT(K),K=1,N-1) 

WRITE  (10)  (B0R(K),K=1,N-1) 

GLl  =FLOAT(INT(FLOAT(M)/100.0)) 

GL2  = FLOAT(M)/100.0 

IF(GL1.EQ.GL2)  WRITE  (*,*)  'ROW  BY  100th  : ',  M 
END  DO 


cccc 

593  WRITE  (*,*)  'FINALLY  DONE.  YEAH,  HOW  ABOUT  THAT.' 

IMZZ  = M - 1 
ISZ  = ITSM/M/N 
INZ  = ITNT/M/N 
lOZ  = ITOR/M/N 

RCORRR  = RCORR/FLOAT(M)/FLOAT(N) 

WRITE  (*,*)  'ROW  ',  IMZZ 

WRITE  (*,*)  'MAXIMUM,  AVERAGE  & MINIMUM  OF  ASM,  CNT,  COR' 
WRITE  (*,*)  IMXAS,ISZ,IMNAS,IMXCN,INZ,IMNCN,IMXCO,IOZ,IMNCO 
WRITE  (*,*)  'NUMBER  OF  ASM-VALUES  OVER  256,  512,  768,  1024' 
WRITE  (*,*)IS1,IS2,IS3,  IS4 

WRITE  (*,*)  'NUMBER  OF  CNT-VALUES  OVER  256,  512,  768,  1024' 
WRITE  (*,*)  INI,  IN2,  IN3,  IN4 

WRITE  (*,*)  'NUMBER  OF  COR-VALUES  OVER  256,  512,  768,  1024' 
WRITE  (*,*)  101, 102, 103, 104 

WRITE  (*,*)  'RAW  CORRELATION  VALUES  - MAX,  MEAN,  MIN  ; ' 
WRITE  (*,*)  RCORX,  RCORRR,  RCORN 
WRITE  (*,*)  'NUMBER  OF  COR-VALUES  LESS  THAN  0,  -256,  -512,  -768' 
WRITE  (*,*)  1001, 1002, 1003, 1004 

C END  THE  PROGRAM  - THANKS,  BYE 
GO  TO  999 

776  WRITE  (*,*)  'END  OF  FILE' 

GO  TO  999 

777  WRITE  (*,*)  'ERROR  STOP',  CHAR(7) 

999  STOP 

END 

CCCCC 

C RUNNING  OVER  ME-EQU AL  MATRIX,  ! (K- 1 ) TIMES 
SUBROUTINE  TAIL  (K,  L,  lASM) 

INTEGER*2  MC(40),  ME(20),  MN(20) 

COMMON  /A/  ME,  MN 


DO  IJ=  1,40 
MC(IJ)  = 0 
END  DO 
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IF  (K-1)  563,  564,  565 

563  IMK  = 0 
GO  TO  575 

564  IMK  = 1 
MC(2)  = 1 
GO  TO  575 

565  IMN  = 0 
IMK  = 0 

D0  5741=  1,K-1 
IK  - 1 

DO  570  J=  1,K-I 
IM  = I 
IN  = I+J 

IF  (ME(IM).NE.ME(IN))  GO  TO  570 
IK  = IK+1 
ME(IN)  = - 50*1  - J 

570  CONTINUE 

IF  (IMK.GE.IK)  GO  TO  571 
IMK  = IK 

571  IF  (IK.EQ.l)GO  TO  574 
IMN  = IMN  + IK 
MC(IK*2)  = MC(IK*2)  + 1 

574  CONTINUE 
MC(2)  - K - IMN 

C RUNNING  OVER  MN-UNEQUAL  MATRIX,  ! (L- 1 ) TIMES 

575  IML  - 0 

IF  (L.LE.l)GO  TO  580 
DO  578  1 - 1,L-1 
IL-  1 

DO  576  J - 1,L-I 

IM-I 

IN  = I+J 

IF  (MN(IM).NE.MN(IN))  GO  TO  576 
IL  - IL+1 

MN(IN)  = - 50*1  - J 

576  CONTINUE 

IF  (IML.GE.IL)  GO  TO  577 
IML  - IL 

577  MC(IL)  = MC(IL)  + 2 

578  CONTINUE 
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580  IF(IMK*2.GT.IML)  GO  TO  581 
KL  = IML 

GO  TO  582 

581  KL  = IMK*2 

582  lASM  = 0 

DO  583  IJ  = 2,  KL 

lASM  = lASM  + MC(IJ)  * (IJ**2  - IJ) 

583  CONTINUE 
RETURN 
END 

SUBROUTINE  LAST  (ASM,  CNT,  COR,  IMXAS,  IMNAS,  IMXCN,  IMNCN, 
! IMXCO,  IMNCO,  N,  BSM,  BNT,  BOR,  ITSM,ITNT,ITOR,ISM2, 

! INT2,I0R2,IS1,IS2,IS3,IS4,IN1,IN2,IN3,IN4,I01,I02,I03,I04, 

! 1001,1002,1003,1004) 

INTEGER*4  ASM,  CNT,  COR 

INTEGER*  1 BSM(2470),  BNT(2470),  BOR(2470),  ISM2,  INT2, 10R2 

ITSM  = ITSM+ASM 
ITNT  = ITNT+CNT 
ITOR  = ITOR+COR 

IF  (IMXAS.lt. ASM)  IMXAS  = ASM 
IF  (IMNAS.GT.ASM)  IMNAS  = ASM 
IF  (IMXCN.LT.CNT)  IMXCN  = CNT 
IF  (IMNCN.GT.CNT)  IMNCN  = CNT 
IF  (IMXCO.LT.COR)  IMXCO  = COR 
IF  (IMNCO.GT.COR)  IMNCO  = COR 

IF  (ASM.GE.256)  ISl  =IS1+1 
IF  (ASM.GE.512)  IS2  = IS2+1 
IF  (ASM.GE.768)  IS3  = IS3+1 
IF  (ASM.GE.1024)  IS4  = IS4+1 
IF  (CNT.GE.256)  INI  = INl+I 
IF  (CNT.GE.512)  IN2  = IN2+1 
IF  (CNT.GE.768)  IN3  = IN3+1 
IF  (CNT.GE.1024)  IN4  = IN4+1 
IF  (COR.GE.256)  101  = lOl+l 
IF  (COR.GE.512)  102  = 102+1 
IF  (COR.GE.768)  103  = 103+1 
IF  (COR.GE.1024)  104  = 104+1 
IF  (COR.LE.O)  1001  =1001+1 
IF  (COR.LE.-256)  1002  = 1002+1 
IF  (COR.LE.-512)  1003  = 1003+1 
IF  (COR.LE.-768)  1004  = 1004+1 
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C RECORD  THE  ATTRIBUTES  IN  CORRESPONDING  FILES  ASM,  CNT,  COR. 

C REMEMBER  THAT  THE  SIZE  OF  IMAGE  IS  (IR,IC),  BUT  THE  RESULTING 
C TEXTURE  IMAGE  NEEDS  TO  BE  ADJUSTED  FOR  THE  WINDOW  SIZE,  AND 
C THE  CREATED  TEXTURE  IMAGE  SIZE  IS  (IR-WS+1,  IC-WS+1). 

IF(ASM.GE.256)  ASM  - 255 
IF(CNT.GE.256)  CNT  = 255 
IF(COR.GE.256)  COR  = 255 
IF(COR.LE.O)  COR  = 0 

ISM2  = ASM 
INT2  = CNT 
IOR2  = COR 

BSM(N)  = ISM2 
BNT(N)  = INT2 
BOR(N)  = IOR2 

592  RETURN 
END 

CCC  CC  CC 


APPENDIX  D 

EAST  AREA-MEANS  AND  STANDARD  DEVIATIONS 
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